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Abstract  

This study explores how generative AI search tools are used in early-stage supplier identification 
and shortlisting within business-to-business sourcing. The purpose of the study was to 
understand how sourcing professionals use and experience generative AI tools during supplier 
search activities. It also examines how these tools influence supplier visibility, information 
evaluation, and early-stage sourcing decisions. To understand this, the study explores factors 
such as perceived usefulness, trustworthiness, supplier visibility, and digital information 
structures, in sourcing environments. 

The study was conducted through a qualitative research method, where eleven professionals 
from different industries were interviewed through semi-structured interviews. By 
operationalizing theoretical concepts, the study was able to explore how sourcing professionals 
use generative AI during supplier search and evaluation processes. Through an analysis of both 
theoretical and empirical material, the study identified both advantages and limitations of using 
generative AI in sourcing activities. 

The study then concludes that generative AI tools are mainly used as supportive research and 
information tools rather than as final decision-makers. The main advantages identified were 
improved efficiency, reduced research time, faster market overviews, and structured summaries 
of supplier information. Generative AI is described as particularly useful during the earliest 
stages of supplier search when identifying supplier categories, comparing alternatives, and 
gathering market research. At the same time, limitations were also identified, including 
hallucinations, outdated information, lack of transparency, and difficulties understanding how AI 
systems prioritize supplier information. 

 

Keywords: Generative AI, AI Search, B2B sourcing, supplier search, supplier visibility, digital 
sourcing, supplier shortlisting.  
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1. Introduction 

 

1.1 Background 

Generative artificial intelligence technologies have become a revolutionary factor in digital 
information platforms. Generative AI systems generate structured responses by combining 
information from many sources into synthesized, conversational outputs. This is different from 
traditional search engines, which show ranked lists of hyperlinks. By reducing information 
overload and providing contextualized summaries within a single interface, generative AI shifts 
information processing from user-driven navigation to AI-generated synthesis (Verma et al., 
2021 ; Mogaji et al., 2024). 

Generative AI tools change this approach by processing and combining information before it 
gets to the user. Comparing generative AI chatbots with traditional search engines shows that 
users perceive significant differences in functionality and bias between these systems. While 
users may favor traditional search engines due to familiarity, they frequently consider 
AI-generated outputs as less biased (Rai et al.,, 2019; Mogaji et al., 2024; Kim et al., 2025).  

Marocco, Barbieri, and Talamo conducted a systematic review of managerial AI adoption and 
found that managers' willingness to rely on algorithmic outputs is influenced by their perceptions 
of the algorithms' transparency, ethics, and trustworthiness. Trust and transparency are 
recognized as essential factors influencing the adoption of AI-based systems beyond consumer 
applications. The integration of AI into organizational decision-making changes decision 
frameworks and reallocates cognitive responsibilities between humans and automated systems 
(Marocco et al., 2024). 

Business-to-business (B2B) purchasing processes are characterized by executives, users, IT, 
procurement, and suppliers, formal evaluation procedures, and significant financial risk. Before 
formal evaluation and negotiation processes start, the early stages of B2B purchasing include 
recognizing problems, searching for information, and finding suppliers (Shrestha et al., 2019). 
Technological infrastructures are changing digital business environments more and more. These 
infrastructures affect how businesses collect and use information. In these contexts, information 
search plays a foundational role in constructing initial consideration sets, which subsequently 
determine which suppliers advance in procurement processes (Bharadwaj et al., 2013). 
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Generative AI systems synthesize and structure information outputs during search processes. 
Their perceived value for improving efficient information processing may affect how managers 
make decisions from the beginning of a project (Mogaji et al., 2024). AI systems are 
implemented in organizational contexts not solely based on trust, but also on their perceived 
performance effectiveness and functional contribution to decision-making processes. In B2B 
contexts, where information search assists in supplier identification and comparison, the value of 
AI-mediated synthesis can be compatible with established organizational decision-making 
frameworks. However, limited empirical attention has been directed toward understanding how 
generative AI search tools are used and perceived in terms of usefulness within early-stage 
supplier shortlisting processes in B2B purchasing settings (Marocco et al., 2024). 

 
1.2 Problem Discussion / Problematization 

Digital business environments are set up around technological infrastructures that shape how 
visibility and information access are organized. Within traditional search-based models, search 
engines function as primary gateways to digital visibility by ranking websites according to 
relevance signals such as keywords, backlinks, and user engagement metrics. Higher ranking 
positions are assumed to increase exposure and the likelihood of inclusion in users’ evaluation 
processes. (Bharadwaj et al., 2013). 

However, recent developments in generative artificial intelligence introduce a change in structure 
in how information is accessed and processed. Unlike traditional search engines that present 
ordered lists of hyperlinks, generative AI systems synthesize information from multiple sources 
into combined and conversational outputs. Generative AI platforms for information search 
reduce cognitive effort by putting divided online content into structured responses. Rather than 
requiring users to navigate across multiple external sources, these systems pre-organize 
information before it reaches the decision-maker (Mogaji et al., 2024; Gupta et al., 2025). The 
way alternatives are framed in the early stages of evaluation has changed as a result of this 
transformation. In traditional search engines, users actively compare websites, understand 
complex sources, and formulate their own unbiased judgments. In AI-powered environments, 
however, information synthesis occurs before user navigation. This represents a shift in 
information exchange, where AI systems move from facilitating access to actively structuring 
interpretation (Mogaji et al., 2024). As a result, the process of evaluation may become 
increasingly shaped by the way AI systems summarize, compare, and prioritize information. 
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Existing research examining user perceptions supports the idea that AI-mediated outputs are 
evaluated differently from conventional search results (Kim et al., 2025). While users may 
continue to rely on traditional search engines due to familiarity, AI-generated responses are often 
perceived as less biased. This perception changes how people look for information in a neutral 
and objective way. When synthesized outputs are interpreted as balanced or impartial, reliance 
on these systems may increase, even when users are aware that algorithms structure the content 
(Kim et al., 2025). 

The usefulness of generative AI in information search, therefore, becomes particularly relevant 
in business-to-business (B2B) purchasing contexts. B2B purchasing processes are characterized 
by buyers, suppliers, investors, and employees, structured evaluation stages, and significant 
financial implications. Early-stage supplier identification typically involves gathering 
information through research, comparison of alternatives, and the formation of initial 
consideration sets. Digital infrastructures shape how organizations gather and utilize information 
in strategic contexts. When information search shifts from hyperlink navigation to AI-driven 
synthesis, the ways that suppliers get into consideration sets may also change (Shrestha et al., 
2019; Bharadwaj et al., 2013). AI technologies influence how information is accessed and 
interpreted across stages of the B2B customer journey. If generative AI search tools are 
increasingly used during early-stage supplier identification, their capacity to synthesize and 
frame supplier-related information may influence which firms are perceived as relevant. Instead 
of competing solely for ranking positions in search results, organizations may depend on 
inclusion within AI-generated summaries that structure comparative evaluations (Khvatova et al., 
2024).   

Existing B2B sourcing and supplier search literature assumes that buyers actively construct 
supplier consideration sets through deliberate information search, comparison, and evaluation 
across multiple sources (Steward et al., 2019). Within this framework, visibility is largely 
determined by how suppliers position themselves within digital or relational channels, and 
decision-makers retain control over how information is gathered and interpreted (Khvatova et al., 
2024).  

However, the emergence of generative AI search tools challenges this assumption. Rather than 
supporting user-driven navigation, these systems pre-select, synthesize, and structure information 
before it reaches the decision-maker, effectively shifting the locus of information processing 
from human actors to algorithmic systems (Khvatova et al., 2024). This introduces a fundamental 
change in how supplier-related information is accessed and interpreted. 

This shift creates a theoretical tension. If consideration sets have traditionally been understood as 
the outcome of active buyer search and comparison, it becomes unclear how these sets are 
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formed in environments where information is pre-structured by AI systems. In such contexts, 
supplier visibility may depend less on search ranking or platform positioning and more on 
inclusion within AI-generated outputs, a mechanism that existing sourcing literature does not 
adequately address. 

Consequently, there is limited understanding of how generative AI search tools influence the 
formation of supplier consideration sets in early-stage B2B sourcing. This gap is theoretically 
significant because the initial filtering of suppliers constitutes a foundational stage in 
procurement decision-making, shaping all subsequent evaluation and selection processes. 
Understanding how this stage is transformed under AI-mediated information environments is 
therefore essential for advancing existing sourcing and decision-making theories (Khvatova et 
al., 2024).  

1.3 Research Gap 

Despite the rapid proliferation of generative AI search tools in professional contexts, existing 
research has focused predominantly on consumer perceptions of AI-generated outputs and broad 
managerial adoption of AI systems, leaving a critical and practically significant intersection 
underexplored. Specifically, little scholarly attention has been directed toward understanding 
how generative AI search tools are actually used during sourcing activities in 
business-to-business (B2B) purchasing contexts (Kim et al., 2025). While some studies examine 
how generative AI reshapes individual information-seeking experiences and perceptions of 
algorithmic bias, and others investigate how organizations evaluate and integrate AI into broader 
decision-making processes, these research streams remain distinct. Neither converges on the 
specific question of how generative AI search tools are used as active instruments in B2B 
sourcing, shaping what information is retrieved, how suppliers are surfaced, and which options 
enter early consideration (Mogaji et al., 2024; Marocco et al., 2024; Mikalef et al., 2023). 

This gap carries meaningful theoretical and practical implications. Sourcing, particularly at its 
earliest stages, represents a consequential filtering process in B2B procurement. The construction 
of an initial supplier consideration set determines the boundaries within which all subsequent 
evaluation, negotiation, and selection takes place.If generative AI search tools increasingly 
intermediate this process, they may shape how information is synthesized, compared, and 
presented. Understanding how they are used is therefore essential for explaining how sourcing 
decisions are made and with what consequences. Yet current literature offers little insight into 
how procurement professionals engage with these tools during sourcing, what role AI-generated 

7 



 

outputs play in shaping consideration sets, and whether established sourcing practices are being 
reconfigured as a result. This study directly addresses that gap by examining how generative AI 
search tools are used in B2B sourcing contexts, contributing to a broader understanding of how 
AI-mediated information environments are transforming procurement decision-making. 

1.4 Research Purpose 

The purpose of this study is to explore how generative AI search tools are used in sourcing 
activities in business to business (B2B) contexts. Specifically, the study examines how 
procurement professionals utilize generative AI tools during the early stages of supplier 
identification and shortlisting. While generative AI is increasingly used as an information search 
interface, limited research has examined how these tools influence sourcing practices and 
supplier discovery processes. By investigating how professionals interact with generative AI 
during supplier search activities, this study aims to contribute to the emerging literature on AI 
mediated decision making and digital transformation in B2B sourcing. 

1.5 Research Question(s) 

The central research question guiding this study is: 

How are generative AI search tools used in early-stage supplier identification 
and shortlisting in B2B sourcing? 

To support and structure the investigation, the following sub-questions are proposed: 

RQ1: For what purposes and in what ways do sourcing professionals use generative 
AI during early-stage supplier search? 

RQ2: How do sourcing professionals perceive the usefulness, trustworthiness, and 
limitations of generative AI in supplier search? 

RQ3: How do sourcing professionals perceive that generative AI influences supplier 
visibility and shortlisting? 

 

2. Literature Review 
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This section presents the theoretical foundation of the study, with a sustained focus on sourcing 
in B2B markets. The discussion begins with key concepts in B2B sourcing and purchasing, 
explaining how supplier identification, evaluation, and selection unfold in practice. It then turns 
to supplier search and information gathering, before examining how digitalization has reshaped 
those processes and what supplier visibility means in digital environments. The section 
subsequently reviews the literature on generative AI in information search and considers the 
implications for sourcing. A summary of the literature and the research gap that motivates the 
study closes the section. 

2.1 Theoretical Framework 
 

This study draws on three areas of literature, work on bounded rationality, research on how 
information channels shape buyer search, and more recent writing on generative AI as an 
information environment. These bodies of work do not always speak directly to each other, and 
connecting them requires some groundwork. 

Bounded rationality is the starting point for understanding how buyers search for suppliers 
(Simon, 1955). The basic idea is that decision-makers do not and cannot evaluate all the options 
available to them. There are practical limits, time, cognitive capacity, and the cost of finding and 
processing information, which mean that in practice people tend to search until they find 
something that seems good enough, and then stop. Simon called this satisficing. This framework 
has been revisited more recently and argued to remain relevant for understanding 
decision-making in complex environments (Giarlotta & Petralia, 2024). For supplier search, this 
matters because it means buyers are not doing anything like a comprehensive scan of the supplier 
market. They look in the channels they have access to, see what those channels return, and stop 
when the results look workable. The implication is that which channels a buyer uses, and what 
those channels happen to contain, has a significant effect on which suppliers end up being 
considered. 

A second area of literature is relevant here, research on how information channels are structured 
and what effect that structure has on what buyers are able to find. In pre-digital sourcing, buyers 
relied on trade directories, industry exhibitions, and personal networks, and the research on this 
period suggests these channels consistently favoured suppliers who were geographically close or 
already known within the buyer's professional network, rather than necessarily the most capable 
or competitive ones (Shen et al., 2025; Ng, 2010). When sourcing moved online, this shifted 
toward platform-based search and algorithmic ranking (Bharadwaj et al., 2013; Jürgensmeier et 
al., 2025). The mechanisms changed but the basic point remained. The channel shapes what 
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buyers can find, and buyers tend to work within whatever the channel returns rather than going 
elsewhere to fill in the gaps. 

Generative AI is different enough from earlier search tools that it deserves separate treatment 
here, rather than being folded into the general story of digital sourcing. When a buyer uses a 
search engine or a B2B platform, they receive a set of outputs, links, profiles, rankings, and then 
apply their own judgement in deciding what to look at and how to interpret it. Generative AI 
tools like ChatGPT or Perplexity do something different. They synthesise across sources and 
deliver a pre-constructed response. The filtering and organising of information happens inside 
the system before the buyer sees anything. This has been noted as a qualitative change in how 
AI-generated information reaches users (Feuerriegel et al., 2024; Kim et al., 2025), though 
neither source focuses specifically on B2B sourcing contexts. Buyers using generative AI are 
therefore not satisficing across raw search outputs, they are responding to outputs that have 
already been pre-structured according to criteria they cannot inspect. Whether procurement 
professionals recognise this, and how it affects which suppliers they ultimately consider, is the 
question the empirical work in this study addresses. 

2.2 B2B Sourcing and Purchasing Processes 

 

Sourcing is the process by which organisations define which suppliers are even worth 
considering. Giunipero et al. (2019, p. 1) define it as "the process of fulfilling organisational 
buying needs by managing a supply base through strategic and transactional interactions with 
suppliers in alignment with corporate goals." The definition is useful, but it understates one 
implication: sourcing outcomes are constrained from the very beginning by whatever 
information is available at the identification stage. The initial identification stage is not just the 
first step in the process. It is, arguably, the most consequential. 

B2B purchasing differs from consumer purchasing in ways that amplify this point. Where 
consumer decisions often involve a single person with relatively contained information needs, 
B2B procurement typically engages multiple stakeholders, executives, procurement managers, 
users, technical specialists, finance representatives, each with different evaluation criteria and 
risk tolerances (Diaz et al., 2025). The process moves through formal stages such as recognition, 
supplier search, evaluation, selection, contracting, and relationship management (Giunipero et 
al., 2019). These stages are not equally influential. The filters applied at the beginning, what 
information is accessible, which channels are used, which signals are treated as credible, define 
the competitive universe before formal evaluation starts. 
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Earlier sourcing literature acknowledged this structure but studied it within stable, slow-changing 
information environments. The implicit assumption was that buyers actively build consideration 
sets through deliberate search, consulting trade directories, attending exhibitions, drawing on 
personal networks and professional experience (Shen et al., 2025; Ng, 2010). Those channels 
were expensive, slow, and geographically constrained. Suppliers with relational networks and 
physical presence were visible, others were not. Information frictions, the costs of locating, 
verifying, and comparing potential suppliers, functioned as structural determinants of who 
entered consideration and who did not (Shen et al., 2025). 

Digitalization began disrupting this from the mid-1990s. Electronic procurement systems, online 
directories, and B2B e-commerce platforms substantially reduced these frictions. Research on 
Chinese manufacturing firms shows quantitatively that internetization lowers supplier search 
costs and significantly raises the probability that firms identify and engage overseas suppliers 
they could not previously access (Shen et al., 2025). The implication is direct: changes in 
information infrastructure shift which suppliers enter the consideration set. The search 
environment is not a neutral background condition, it actively shapes sourcing outcomes. 

That said, digitalization did not really resolve the issue of which suppliers get found and which 
do not. B2B buyers now conduct a large portion of the purchasing journey, including the supplier 
identification stage, through digital channels before making any direct contact with suppliers 
(Marvasti et al., 2021). So in practice, being visible in those digital channels has become quite 
important for suppliers who want to be considered. Platforms now function as the main 
environments through which buyers and suppliers connect (Marzi et al., 2023), and the logic 
governing who appears prominently within those platforms, algorithmic ranking, review 
aggregation, search positioning, has a significant effect on who gets seen. 

Over 70% of the B2B buying journey now takes place digitally before any direct supplier contact 
occurs (Marvasti et al., 2021). This means that for most sourcing decisions, the digital tools 
buyers use at the beginning of the process are doing quite a lot of the work in terms of shaping 
which suppliers even come to the buyer's attention. As these tools have changed over time, from 
basic keyword search to platform-based discovery to generative AI, the way supplier visibility 
works has also changed, and it is not obvious that the sourcing literature has kept up with these 
developments. 

2.3 Supplier Search and Information Gathering 

 

Much of the B2B sourcing literature is concerned with how buyers evaluate and select suppliers 
once they have a set of candidates to work with. But before any of that can happen, buyers need 
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to have identified which suppliers they are going to evaluate in the first place. This earlier stage, 
sometimes called consideration set formation, tends to receive less attention in the literature, but 
it matters a great deal for the eventual outcome. A supplier that does not make it into the 
consideration set at this stage cannot be selected later, regardless of how well-suited they might 
actually be. The bounded rationality framework discussed in the previous section is directly 
relevant here. Buyers do not search the entire market, they search within the channels available 
to them and stop when they have a set of options that looks usable. Which channels they use, and 
what those channels happen to surface, therefore has a significant bearing on which suppliers end 
up being considered. 

In pre-digital sourcing environments, this meant relying on trade directories, exhibitions, 
referrals, and the accumulated knowledge of experienced buyers (Shen et al., 2025; Ng, 2010; 
Grant et al., 2007; Giunipero et al., 2019). Information frictions were high enough that staying 
with known suppliers was often the rational choice, not inertia, but a sensible response to the cost 
of looking beyond established networks (Shen et al., 2025). Consideration sets were shaped by 
relational proximity and network position rather than by anything like a comprehensive survey of 
the market. 

The internet reduced these frictions substantially, though the extent of this reduction has varied 
considerably across firm types, sectors, and geographies. Research on Chinese manufacturing 
firms shows that internetization cuts supplier search costs by roughly RMB 0.3 to 0.5 million per 
search and increases the probability of finding and engaging new overseas suppliers (Shen et al., 
2025). This is significant because it shows a relatively direct relationship between the 
infrastructure available for search and the range of suppliers that actually enter consideration, in 
other words, when it becomes cheaper and easier to look, buyers tend to look further. That said, 
the finding is drawn from a specific manufacturing context and it is not entirely clear how far it 
generalises to other procurement settings, particularly services or highly specialised industrial 
inputs where supplier evaluation involves more than just locating candidates. Bounded 
rationality still operates, but its effects are shaped by whichever infrastructure happens to be in 
use at the time. 

Wider information access does not, however, produce straightforwardly better-informed 
consideration sets. As the volume of online supplier information has grown, buyers face the 
challenge of navigating sources of uneven accuracy, currency, and credibility (Grant et al., 2007). 
In B2B procurement, where decisions carry significant financial exposure and multi-stakeholder 
accountability, information quality is not a secondary concern. It is a precondition for using 
information at all. Finding supplier data is one problem, assessing whether it is reliable enough 
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to act on is another, and it becomes harder as the volume and dispersion of digital content 
increases. 

In practice, buyers respond to this by using heuristics, cognitive shortcuts that substitute easily 
assessable signals for more demanding analytical judgement. Evidence from B2B e-marketplace 
research shows that buyers rely heavily on signal consistency and credibility communicated 
through platform content, and that these signals predict engagement decisions independently of 
more substantive supplier assessments (Sombultawee et al., 2025). Suppliers with weak, 
inconsistent, or absent digital signals are systematically disadvantaged, regardless of underlying 
capability. 

A complication appears in research on digital embeddedness in B2B purchasing. Survey 
evidence from 196 purchasing managers shows that more digitally integrated buyers are 
simultaneously more open to unfamiliar suppliers and more reliant on brand reputation and peer 
endorsements as shortcuts (Krijestorac et al., 2021). More information does not reduce 
dependence on heuristics, it reorganises which heuristics are applied. The satisficing logic Simon 
identified in information-scarce environments holds equally in information-rich ones. The 
specific shortcuts change, but the reliance on them does not. In digital sourcing environments, 
consideration set formation is shaped by the interaction between buyer heuristics and the 
structure of the information environment feeding them. 

In short, consideration sets tend to reflect which channels buyers used for search and what those 
channels contained, rather than representing anything like a thorough survey of what is available 
in the market. This has been the case across different periods and different search environments. 
The next sections look at how digitalization has changed the specific mechanisms involved, and 
where generative AI fits into this. 

2.4 Digitalization of Supplier Search 

 

One of the arguments in the recent sourcing literature is that digitalization has not really solved 
the visibility problem that existed in pre-digital sourcing, it has just changed the form it takes. 
Before digital tools became widespread, which suppliers a buyer could find depended heavily on 
relational networks and geographic proximity. With digitalization, algorithmic ranking and 
platform logic have taken over some of that role. The bias in who gets seen has not disappeared, 
it has shifted to a different set of mechanisms. 

As digital tools have moved from being supplementary to being the main environment in which 
sourcing takes place (Bharadwaj et al., 2013), being visible within those tools has become 
increasingly important for suppliers. When sourcing happens primarily online, which suppliers 
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appear in search results and platform listings shapes what buyers see, and therefore what they 
can consider. 

In practice, this took the form of e-procurement systems, online supplier directories, and 
dedicated B2B platforms. These systems function as digital intermediaries connecting buyers and 
suppliers, and their value extends beyond information provision. B2B procurement platforms, for 
instance, aggregate dispersed purchasing power to enable contract negotiations with larger 
suppliers, a coordination function structurally impossible without digital infrastructure (Fan et 
al., 2023). The transactional value is real. When platforms become the primary channel through 
which buyers encounter suppliers, the platform's internal logic, its ranking algorithms, 
recommendation systems, and visibility mechanisms, acquires disproportionate influence over 
which suppliers are considered at all. 

On digital platforms, visibility is not earned through supplier quality or market fit. It is 
algorithmically constructed. Research on platform dynamics shows that sellers absent from the 
top of search results face substantial disadvantages in attracting buyer attention, which 
concentrates on prominently positioned options, 94% of frequent online buyers report that 
platform search results influence their product choices, and 78% expect results to actively favour 
certain offerings (Jürgensmeier & Skiera, 2025). Buyers know algorithmic ranking shapes what 
they see, and proceed anyway, because the cognitive cost of overriding platform signals exceeds 
the perceived benefit. The platform's visibility hierarchy becomes, in effect, the operative 
consideration set boundary. 

The ranking logic governing that hierarchy is opaque. Buyers interact with what platforms 
surface without access to the criteria behind the ordering. Suppliers can be disadvantaged not 
because of any objective inadequacy, but because of how algorithmic systems evaluate their 
digital signals. Research on supplier evaluation in B2B e-commerce confirms that online 
reviews, platform profiles, and buyer-generated ratings have become significant inputs to 
supplier assessment, inputs that aggregate and amplify digital signals rather than direct 
supplier-buyer knowledge (Huang et al., 2025). Consideration sets are therefore increasingly 
shaped by how legible suppliers are within platform ecosystems, not by comprehensive market 
evaluation. 

Platform adoption is also uneven, which complicates the picture further. Research on 318 supply 
chain managers in the UK shows that SMEs and large firms follow distinct trajectories when 
integrating digital platforms into sourcing. SMEs prioritise network flexibility, large firms seek 
efficiency and transactional security (Marzi et al., 2023). Where adoption is uneven, digital 
visibility accrues selectively. Evidence from Swedish manufacturing value chains similarly 
shows that digital maturity varies substantially within single supply networks, with 
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lower-maturity firms systematically underutilising shared platforms (González Chávez et al., 
2023). It is worth noting that some researchers have pointed to the democratising potential of 
digital platforms, the argument being that a small supplier in a peripheral market can, in 
principle, achieve the same platform visibility as a large incumbent if they optimise their digital 
presence effectively. There is something to this argument, and it should not be dismissed entirely. 
But the empirical evidence on adoption patterns suggests that the conditions required for this 
equalisation tend not to be met in practice, at least not consistently. Algorithmic visibility 
amplifies existing advantages for digitally capable firms and deepens invisibility for those that 
lack the resources or expertise to manage their digital presence strategically. 

The sourcing literature has started to pay more attention to how information channels shape what 
buyers see, but there is less work on what happens when those channels become algorithmically 
driven and not very transparent. Generative AI adds another layer to this, because the 
information gets processed and summarised before it reaches the buyer at all. The next section 
looks at generative AI more specifically and what the literature says about how it works and 
what its limitations are. 

2.5 Generative AI in Information Search 

 

Using a generative AI tool like ChatGPT or Perplexity for supplier research works quite 
differently from a conventional search engine, even if it does not always feel that way at first. 
With a search engine, the buyer gets a list of links and has to do the reading and filtering 
themselves, clicking through results, deciding what looks relevant, and gradually building a 
picture. With a tool like ChatGPT, if a procurement manager types something like "who are the 
main suppliers of industrial sensors in Europe," they get back a structured response that already 
names specific companies, describes what they offer, and sometimes compares them. The system 
has done the synthesising. How it did this, which sources it drew on, which suppliers it left out 
and why, is not visible to the buyer, and there is no straightforward way to check. 

Technically, generative AI is distinct from earlier forms of AI-assisted search. Discriminative 
models classify data into predefined categories. Generative models, by contrast, learn the 
underlying patterns in training data and produce new content from those patterns (Feuerriegel et 
al., 2024). Large Language Models trained on very large text corpora that generate contextually 
coherent responses to natural language inputs. Tools such as ChatGPT, Google's Gemini, and 
Microsoft's Copilot fall into this category (Kim et al., 2025; Feuerriegel et al., 2024). What 
distinguishes them from keyword search is not just the quality of the output but the fact that 
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information from multiple sources has been synthesised before the user sees anything. The user 
gets an answer rather than a set of resources to evaluate. 

In terms of the bounded rationality framework discussed earlier, there is a difference worth 
noting between how search worked before and how it works with generative AI. With a search 
engine or B2B platform, the buyer at least sees the raw results and makes their own decisions 
about what to look at, which links seem relevant, which profiles seem credible, which suppliers 
are worth following up on. These decisions may not be particularly thorough, but they are the 
buyer's own. With generative AI, the buyer is working with outputs that the system has already 
filtered and organised. A procurement manager using ChatGPT to identify potential logistics 
partners, for example, is not seeing a ranked list of options they can scroll through, they are 
receiving a pre-packaged response. Whether the filtering that produced that response was done 
well, or whether important suppliers were left out, is genuinely hard to assess from the outside. 

One concern that comes up fairly often in the literature on generative AI is the lack of 
transparency in how these systems produce their outputs. When a generative AI tool responds to 
a supplier query, it does not explain which sources it drew on, how it decided what to include, or 
why certain options appear in a comparison while others are absent (Feuerriegel et al., 2024). 
The buyer just receives the output. There is no audit trail and no obvious way for the buyer to 
verify the basis for what they have been given. This is not entirely unlike the opacity associated 
with platform ranking algorithms, buyers using Google or Alibaba also do not know exactly why 
certain results appear at the top, but it happens at an earlier stage, before the buyer has seen any 
sources at all or had any opportunity to apply their own judgement. There is also some evidence 
suggesting that buyers may actually be less suspicious of AI-generated content than of 
conventional search results. In an experimental study, users rated AI outputs as less biased than 
search engine results, even though they personally preferred search engines (Kim et al., 2025). 
The explanation offered draws on the persuasion knowledge model, people are aware that search 
results involve paid placements and SEO optimisation, which makes them more guarded about 
those results, whereas AI outputs do not have an equivalent visible commercial logic, so the 
usual scepticism is not as easily triggered. 

In procurement specifically, the use of generative AI for early-stage research tasks has grown 
quite quickly. The emergence of these tools has been described as a significant shift in how 
knowledge work is done more broadly (Dwivedi et al., 2023), and this seems to be playing out in 
procurement too, AI tools are being used for things like initial supplier mapping, market 
overviews, and comparing options across categories. It is not hard to see the reason. These tasks 
can be quite time-consuming when done manually, and generative AI can produce a 
plausible-looking summary in seconds. Some have suggested this could actually help smaller or 
less well-known suppliers get noticed, if AI systems draw on broader data sources than a buyer 
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would typically search through manually. That is possible, though it is difficult to evaluate 
without knowing more about how these systems are trained. On the other side, using AI at this 
stage means the consideration set ends up reflecting whatever the model determined was 
relevant, which the buyer cannot inspect. AI tools sometimes produce confident-sounding 
outputs that are simply wrong, which in a procurement context could mean a supplier is 
described inaccurately or a relevant option is missed entirely. 

Research on AI adoption in organisational decision-making suggests that uptake tends to be 
driven by perceived usefulness and ease of use, while transparency concerns and uncertainty 
about accuracy act as brakes (Marocco et al., 2024, a systematic review of 16 studies). 
Paradoxically, the very opacity that makes AI-generated outputs appear objective may be what 
makes them most influential, and most difficult to critically evaluate. How this plays out 
specifically in procurement is less clear. It seems plausible that buyers would approach 
AI-generated supplier information with some caution, given the stakes involved, but whether 
they actually do, and how they handle the limitations of these tools in practice, has not been 
studied directly in B2B sourcing contexts. 

2.6 Supplier Visibility in Digital Environments 

 

This section looks at how digital environments affect which suppliers buyers are able to find and 
consider. The general argument in the literature is that visibility in digital sourcing is not 
straightforwardly determined by supplier quality, it also depends on how information about 
suppliers is presented and organised within the digital channels that buyers use for search. This 
has been noted across several different phases of digitalization, even if the specific mechanisms 
have looked quite different each time. 

Geographic proximity mattered a great deal. Suppliers outside a buyer's established network 
faced significant barriers to being discovered, regardless of what they offered. When sourcing 
moved onto digital platforms, these relational barriers were replaced by algorithmic ones. Within 
platforms, prominence in search results and recommendation systems shapes which suppliers 
receive buyer attention. A supplier without an optimised profile on Alibaba or ThomasNet, for 
instance, may not appear in filtered results at all, not because of any failing in their actual 
capabilities, but because of how the platform's algorithm interprets their profile. 

The practical implication is that two sellers with similar capabilities can have very different 
levels of exposure to buyers depending on how well their digital presence aligns with platform 
ranking criteria. Research on 318 supply chain managers in the UK documents how adoption of 
digital platforms varies across firm size, with SMEs and large firms following different 
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integration trajectories (Marzi et al., 2023). This unevenness is not a temporary feature. It tends 
to compound over time as more visible suppliers attract more reviews, more buyer engagement, 
and therefore more algorithmic prominence. 

Beyond ranking position, what suppliers communicate through their platform presence also 
shapes whether buyers engage with them. Research on B2B e-marketplaces shows that the 
consistency and credibility of supplier communications, the coherence of claims made in 
profiles, the fit between stated capabilities and observable signals, are meaningful predictors of 
buyer trust and willingness to engage (Sombultawee et al., 2025). A supplier who appears in 
search results but whose profile sends mixed or unconvincing signals may still be passed over. 
Visibility is a necessary condition for consideration, but it is not a sufficient one. 

Somewhat counterintuitively, buyers who make more extensive use of digital information 
sources are simultaneously more open to unfamiliar suppliers and more likely to rely on brand 
reputation and peer endorsements as shortcuts (Krijestorac et al., 2021). This is not irrational, 
when the volume of available information increases, so does the cognitive cost of evaluating it 
carefully, and shortcuts become more rather than less valuable. But it does mean that digital 
visibility does not translate directly into consideration. A supplier can appear frequently in 
platform results yet remain outside a buyer's consideration set if their brand is unfamiliar or if 
there is no peer endorsement to draw on. 

Generative AI is somewhat different from the earlier forms of digital mediation discussed above. 
With platform algorithms and search rankings, the information was at least presented to buyers in 
a form they could engage with directly. The buyer can look beyond the top results. With 
generative AI, the information has already been processed and summarised before the buyer sees 
anything. A supplier either appears in the AI-generated response or it does not, and the reasons 
for this are not transparent. Whether a particular supplier appears in, say, a ChatGPT comparison 
of sustainable packaging options depends on what the model’s training data contains and on how 
the model constructs its response, none of which is visible to the buyer. A supplier with a strong 
platform presence might still be absent from an AI-generated summary, and the buyer would 
have no easy way of knowing this or of checking what had been left out. 

Supplier visibility has never been purely a function of supplier quality or buyer effort. It has 
always depended on the channels and tools through which sourcing information is accessed. 
With generative AI, this continues to be the case, though the specific mechanism is different 
from what came before. One counter-argument worth mentioning is that generative AI might 
actually help level the playing field in some respects, if these systems draw on broader datasets 
than a buyer would typically access through conventional search, they might surface smaller or 
less well-known suppliers that would otherwise be overlooked. This is not an unreasonable point, 
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and it may hold in certain situations. But it is hard to evaluate without knowing more about how 
these systems are trained and how they construct their outputs, which is precisely the 
transparency problem that makes AI-mediated search difficult to assess. How procurement 
professionals navigate this in practice, whether they rely on AI outputs for supplier 
identification, and whether they are aware of these limitations, is what the empirical part of this 
study looks at. 

2.7 Summary of Literature and Research Gap 

 

The preceding sections have argued that which suppliers get into a buyer's consideration set is 
not simply the outcome of the buyer evaluating the available options and choosing the most 
promising ones. It is also shaped by the channels and tools through which the buyer searched in 
the first place, what those channels contained, how information was organised within them, and 
what the buyer happened to encounter. This matters because once a consideration set is formed, 
all the subsequent evaluation and negotiation happens within it. Suppliers that did not make it in 
at this early stage are effectively out of the process. The question for this section is what this 
means when the search channel in question is a generative AI tool. 

B2B sourcing theory has recognised that the early stages of supplier identification carry 
disproportionate weight in shaping eventual procurement outcomes (Giunipero et al., 2019; 
Shrestha et al., 2019), but this has mostly been studied in relatively stable information 
environments. The bounded rationality framework (Simon, 1955; Giarlotta & Petralia, 2024) 
explains the underlying logic: buyers search within the channels available to them and stop when 
the results look workable. This means the range of suppliers that enters consideration depends 
largely on how far those channels reach and how they are structured, not on the actual 
distribution of supplier quality across the market. 

Digitalization has changed a lot about how supplier search works, but it has not really resolved 
the question of which suppliers get found. Lower search costs and the growth of online platforms 
did make it easier for buyers to reach suppliers they would not previously have encountered 
(Shen et al., 2025), but visibility on those platforms came to be determined largely by 
algorithmic ranking rather than by buyer-directed search (Jürgensmeier & Skiera, 2025). 
Research on how buyers use digital signals like reviews, platform profiles, and peer 
endorsements suggests that having access to more information tends to change which shortcuts 
buyers rely on, rather than eliminating reliance on shortcuts altogether (Sombultawee et al., 
2025; Krijestorac et al., 2021). So the basic pattern has continued, even if the specific 
mechanisms look quite different now compared to pre-digital sourcing. 
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Generative AI adds something to this picture that goes a bit beyond what platform algorithms do. 
With platforms, the buyer at least sees a list of results and can scroll further down or adjust their 
search if the top results do not look right. With generative AI, the buyer receives a response that 
has already been constructed, if a procurement manager asks ChatGPT to suggest suppliers for 
cold chain logistics in Southeast Asia, the response will name specific companies and provide 
descriptions, but the buyer has no way of knowing which suppliers were considered by the model 
and left out, or why the ones that appear were included. It has been noted that AI tools are 
increasingly taking over cognitive tasks that users would previously have handled themselves 
(Dwivedi et al., 2023; Kim et al., 2025), and in procurement this means the early filtering of the 
supplier market is increasingly happening inside the model. The criteria behind this filtering are 
not disclosed and are not easy to examine (Feuerriegel et al., 2024). There is also evidence that 
people tend to perceive AI outputs as less commercially biased than search results (Kim et al., 
2025), which may mean buyers are less likely to question what these tools produce, not because 
the outputs are more reliable, but because the basis for scepticism is less obvious. 

It is not clear that the existing sourcing literature has really caught up with this. A lot of the 
foundational work in B2B sourcing was written when the main challenge was helping buyers 
access more suppliers and reduce search costs, the assumption being that buyers were directing 
their own search and applying their own judgement throughout. Platform research has already 
shown that this picture is more complicated than it sounds, given how much algorithmic ranking 
shapes what buyers see. Generative AI seems to push this further, but there is very little 
empirical work that looks at what actually happens when procurement professionals use these 
tools for supplier identification, how they use them, what they make of the outputs, and whether 
it changes which suppliers they end up considering. 

This is the gap this study addresses. Research on generative AI has looked at consumer search 
behaviour (Kim et al., 2025; Mogaji et al., 2024), sustainability in procurement (Modgil et al., 
2026), and negotiation applications (Herold et al., 2025), but has not focused on how 
procurement professionals actually use these tools when identifying and shortlisting suppliers. 
What do they search for? How do they read and interpret AI-generated outputs? Do they check 
the information, and if so how? Does using AI for this stage change which suppliers end up 
being considered? These are fairly basic empirical questions that the existing literature does not 
answer, and this study attempts to address them. 

Figure 1 draws these strands together. It sets out the three eras of supplier search discussed 
above, pre-digital, platform-mediated, and generative AI — and isolates what stays constant 
across them. The mechanism governing visibility differs in each era: relational proximity and 
trade directories in the pre-digital period, algorithmic ranking and digital presence in the 
platform period, and the training data, retrieval logic, and synthesis architecture of the model in 
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the current one. The literature reviewed in this study suggests a recurring pattern across different 
information environments. Bounded rationality means buyers satisfice within whatever channel 
they happen to be using rather than scanning the whole market (Simon, 1955; Giarlotta & 
Petralia, 2024), so the framework suggests that the structure of the information channel may 
influence which suppliers become visible and enter buyers' consideration sets. What the three 
eras also show is a steady decline in legibility. A buyer could see which entries they were 
skipping in a trade directory, and can still scroll past the top of a platform's results, but with 
generative AI the filtering occurs before anything is displayed and on criteria the buyer cannot 
inspect. On this view, generative AI is not a break from the earlier pattern but its least transparent 
expression: consideration sets remain structured by information infrastructure rather than 
supplier merit, and that infrastructure is now harder to see than at any earlier stage. 
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The framework is intended as a conceptual lens for interpreting respondents' experiences of 
supplier search and generative AI, rather than as a causal model predicting sourcing outcomes. 

Figure 1. Theoretical framework illustrating how information infrastructure shapes supplier 
consideration set formation across three eras of B2B sourcing, anchored in bounded rationality 
theory (Simon, 1955; Giarlotta & Petralia, 2024). 
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3. Methodology 

 

3.1 Research Philosophy 
 

This study follows an interpretivist research philosophy. This is appropriate because the purpose 
is to understand how sourcing professionals experience and interpret the use of generative AI 
search tools in supplier identification and evaluation. Interpretivism explains that social reality is 
not fixed or purely objective, but rather constructed through the meanings and interpretations 
individuals attach to their experiences (Cunliffe, 2011). In this study, the perceptions of 
usefulness, trust, and decision-making efficiency associated with generative AI tools may differ 
between individuals depending on their professional experiences and contexts. For this reason, 
the research follows a subjectivist ontological position, which views reality as socially 
constructed through human interpretation rather than as a single objective reality that can be 
measured independently. From this perspective, the focus of research is to understand how the 
respondents make sense of their social world and how meanings emerge through their 
experiences and interactions. This perspective recognizes that understanding social phenomena 
requires continuous movement between empirical observations and theoretical interpretations 
(Dubois et al., 2002). Consequently, knowledge is generated through an interpretivist 
epistemology. This approach focuses on understanding respondents’ perspectives and 
interpretations rather than identifying universal causal relationships. Qualitative methods such as 
semi-structured interviews are therefore appropriate because they allow the writers to explore 
how individuals interpret and construct meaning around the use of generative AI tools in 
sourcing activities (Cunliffe, 2011). This philosophical position implies that the study does not 
aim to measure objective relationships between variables but rather to understand how sourcing 
professionals interpret and make sense of generative AI tools within their work practices. 

The interpretivist perspective guided the authors in the selection of semi-structured interviews. 
This method allowed respondents to describe and reflect on their own experiences of using 
generative AI tools in sourcing activities. The subjectivist ontological position also shaped the 
analytical process. Where attention was directed towards identifying how respondents built 
meanings around trust, usefulness, and decision-making, rather than treating these concepts as 
objective measures. During data analysis, responses were interpreted within the context of each 
respondent’s professional background and sourcing environment, taking note that experiences 
vary from person to person. Therefore, the findings provide an in-depth understanding of how 
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sourcing professionals make sense of generative AI tools in practice rather than producing 
universally generalizable conclusions. 

3.2 Research Approach 

This study follows an abductive approach, which means that the researcher chooses the "best" 
explanation for a set of data from competing explanations or interpretations. The abductive 
approach focuses on the limited ability of researchers to reason rationally, like a computer, and 
highlights the value of cognitive thinking in theory building, where understanding is seen as a 
continuous dialogue between data and the researcher's prior knowledge (Bryman et al., 2017). 
We went back and forth between theory and empirical material to find common patterns. As 
some studies explain, each successive interview was used to expand the researchers’ 
understanding of the phenomenon and develop insights that were both broader and deeper 
(Hannah et al., 2011). We therefore consider the study to be abductive in the sense that the study 
begins with a problem to be explained. Problems may occur in the empirical material that the 
theory cannot explain, but abductive thinking can be used when the researcher tries to identify 
the conditions that could make the phenomenon less confusing. To then be able to transform 
surprising facts into something obvious or natural. We compare the empirical material with the 
literature to be able to understand the respondents' experience. We have also conducted a parallel 
literature search with the empirical material to demonstrate expertise on new themes that 
emerged through the interviews on the topics of B2B and AI generative search (Bryman et al., 
2017; Dubois et al., 2002). We chose the abductive approach for this study, as it allows 
movement between theoretical concepts, such as AI-mediated search and supplier visibility, and 
empirical insights from sourcing professionals. This enables a deeper understanding of how 
generative AI is interpreted and used in practice. This approach can be described as a non-linear, 
path-dependent process of combining efforts with the ultimate objective of matching theory and 
reality (Dubois et al., 2002). The abductive process was repeated throughout the study as data 
collection and literature review were conducted in parallel. This continuous movement between 
empirical observations and theoretical concepts allowed the authors of this study to refine their 
understanding of the phenomenon and develop explanations that were grounded in both existing 
theory and respondents’ experiences. 

3.3 Research Design 

The authors of this study have chosen to use the qualitative method to collect qualitative material 
through literature collection on the subject and semi-structured interviews to create an 
understanding of how generative AI search influences vendor shortlisting in B2B buying 
processes. Information is collected qualitatively and then interpreted and analyzed by scientific 
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methods by the researchers. The qualitative method is used to collect information in several 
different ways, such as interviews or focus groups (Bryman et al., 2017). The interviews in this 
study are therefore, semi-structured and are conducted with businesses to explore how sourcing 
professionals describe their use of generative AI tools during supplier and solution search. The 
aim is to understand how these tools are integrated into their workflows, how AI-generated 
information is interpreted and evaluated, and how it is experienced as supporting early-stage 
sourcing activities. Rather than measuring frequency or examining relationships between 
variables, the study focuses on capturing practices, experiences, and perceptions. The report's 
literature collection has been done qualitatively to create a clear understanding of how AI is 
affecting the market and to investigate how the perceived usefulness of AI search tools affects 
supplier shortlisting and evaluation. When starting from existing literature, it makes it easier to 
find information and knowledge that currently exists in the area of investigation that the 
researcher is interested in. The case study is useful for both generating and testing hypotheses 
and is particularly valuable for producing context-dependent knowledge about real-life practices 
and experiences (Bryman et al., 2017; Flyvbjerg, 2006). 

3.4 Sampling Strategy 

The literature selection for the report was based on both books and scientific articles. Using the 
“Libsearch” database from Skövde University library, relevant literature was found, which we 
could select to fulfill the purpose of the study. The scientific articles were selected from the 
database (Libsearch) by formulating keywords such as "AI search," "B2B," and "AI in 
marketing." The database contains several well-researched journals in economics and business 
administration. To ensure a specific level of quality in the publications, the material was 
delimited, i.e., we ensured that the articles were scientifically reviewed (peer-reviewed).  

The selection of respondents is of great importance for the interview because the respondents 
who we have chosen to participate in the interview need to be relevant and knowledgeable about 
the subject of the study (Bryman et al., 2017). Therefore, we have chosen to only interview 
individuals with managerial positions or who have experience in the B2B marketing field. The 
reason for this choice was to get a better picture of how B2B decision-makers describe their use 
of generative AI tools. A total of eleven interviews were done. We chose to conduct these 
interviews to create an understanding of the experience of the respondents. These respondents 
are then interviewed based on a purposive selection method. A purposive sampling method is 
one where the selection is based on the purpose of the study. That is, the selection is determined 
based on the research questions. The respondents are selected based on criteria that allow the 
researchers to answer the research questions (Bryman et al., 2017). 
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The respondents came from different industries, organizational sizes, and sourcing contexts, 
which provided a broad range of perspectives on the use of generative AI in sourcing activities. 
This diversity allowed the study to explore whether similar experiences and perceptions of AI 
could be identified across different professional contexts. At the same time, differences between 
industries and sourcing environments may have influenced how respondents use and evaluate 
generative AI tools. Despite the diversity of the sample, many respondents described similar 
experiences with the use of generative AI for information gathering, supplier discovery, 
verification practices, and concerns about trustworthiness and supplier visibility. 

We chose to use semi-structured interviews to be able to ask follow-up questions and be flexible 
with the questions during the interviews, which made the collected data more relevant to the 
research question. Semi-structured interviews allow the researcher to be flexible when asking 
research questions, as respondents can respond in their own words and are not bound by the 
researcher's word choice (Bryman et al., 2017). See Appendix 8.2. 

3.5 Data Analysis 

We used a thematic analysis method in the report to analyze the collected material. One of the 
most common methods in qualitative analysis is thematic analysis, which is characterized by the 
creation of themes and subthemes through coding (Bryman et al., 2017). The thematic analysis 
method is defined as a theme of codes that is found in transcripts or field notes. Thematic 
analysis allows researchers to organize and interpret qualitative data by systematically 
identifying patterns in participants’ responses. This method is particularly suitable for 
exploratory research because it enables the researcher to examine how individuals describe their 
experiences and how similar ideas appear across multiple interviews (Köhler et al., 2022). 
Thematic analysis is, therefore, a relevant method for this study because the aim is to understand 
how generative AI search engines influence decision-making processes in B2B purchasing 
contexts. The analysis then involves interpreting the themes in relation to the research question 
and the existing literature (Köhler et al., 2022). The researchers then examine how the identified 
themes contribute to understanding how generative AI search tools are used in sourcing 
activities. The findings are then connected to theoretical perspectives discussed in the literature 
review, such as digital information search, AI assisted decision making, and sourcing practices in 
B2B environments. This step allows the study to move from descriptive observations toward 
analytical insights that contribute to the broader academic discussion on generative AI and 
sourcing (Bryman et al., 2017; Köhler et al., 2022). ​
​
The coding process followed a continuous movement between empirical observations and 
theoretical concepts, consistent with the study's abductive approach. The Interviews were first 
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coded into empirical codes, which were then grouped into subthemes based on recurring patterns 
and similarities across respondents. These subthemes were then organized into broader themes 
and were compared to relevant literature, allowing the final themes to be built on both the 
empirical material and the literature review of the study. See Appendix 8.4.   

3.6 Research Quality 

An assessment of a qualitative study is carried out via two fundamental criteria, which provide 
authenticity and credibility (Bryman et al., 2017). The quality measure of the study therefore has 
a direct connection to the semi-structured interviews conducted with the eleven selected 
respondents. Since the respondents get an honest chance to share their experiences, there is also 
room for follow-up questions from the writers in order to optimally understand their and the 
companies' experiences. By describing the context and characteristics of the participants, the 
study allows readers to evaluate whether the findings may be relevant to other sourcing 
environments or organizational settings. Although the study does not aim to generalize findings 
to all organizations, the insights may still provide useful understanding for other contexts where 
buyers interact with generative AI tools during supplier search activities (Dubois et al., 2002). 
Qualitative studies go in depth where the interesting thing is to understand and get acquainted 
with what the interviewee explains and shares. Qualitative research also focuses on local 
perceptions and experiences of phenomena of interest and enables researchers to gain a deeper 
understanding of the dynamics associated with these phenomena (Bartunek, 2012). We believe 
that our semi-structured interviews could ensure a quality measure that can be replicated for 
future studies.  

3.7 Ethical Considerations 

Before the study, ethical considerations were important factors in creating the interview 
questions so that the questions would not be perceived as inappropriate or forced. Ethics is about 
how to treat the people being studied and what activities one should or should not engage in with 
them (Bryman et al., 2017). We were very careful to follow the ethical guidelines that are there 
to protect the respondents and their personal and professional safety. This was made possible by 
familiarizing ourselves with what the author Shank says about ethical considerations, which is 
based on four ethical concepts in his research (Shank, 2002). We will explain these below in 
connection with how we reasoned at the different ethical stages. 

Do no harm: Informed consent is the cornerstone of ethical conduct in qualitative research. 
Therefore, we made sure that we had permission to observe the respondents as they answered the 
questions. We clarified that the respondents are anonymous in their answers and that the 
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questions asked during the interview will not affect the respondents later. Therefore, the 
respondents could feel comfortable answering the interview questions. We were careful when 
emphasizing at both the beginning and end of each interview that the respondents' identities were 
anonymous. That way, we protect the identities of the respondents who participated in the 
interviews, and therefore they appear in the empirical material as "Respondent 1, Respondent 2, 
Respondent 3, Respondent 4, and so on" (Swedish Research Council, 2024). A source's career 
can be damaged if the source is not properly anonymized (Bryman et al., 2017). The respondents 
are therefore anonymous throughout the study, as the information the study contains can affect 
the respondents' careers in the future, based on their wish to be anonymous. When interpreting 
and analyzing the data, the researcher should be fair to all parties involved (Shank, 2002, 
Swedish Research Council, 2024). 

Be open: A researcher should not observe without the knowledge of the respondents (Shank, 
2002). We are careful to inform the respondents that participation in the study is completely 
voluntary and that the results will be presented through the University of Skövde. If the 
respondents of the study ask what has been written about them, they have the right to see it. The 
data always belongs to them, which means that if they want to remove their thoughts, they can 
do so, but they are not allowed to edit the researcher's work (Shank, 2002, Swedish Research 
Council, 2024). The respondents in this study are also told the purpose of the survey, which 
allowed them to decide whether they wanted to participate or not. We told the respondents that 
there is total confidentiality, which means that the study will not reveal the identity of the 
respondents. It is important to be honest with the respondents (Shank, 2002). Therefore, we 
chose to be open throughout the study by keeping the respondents anonymous in the study, and 
the material created for the study is deleted when the report is complete, which means that the 
respondents' identities remain anonymous. 

Be honest: It is just as important for the researcher to be honest with themselves as with the 
respondents. The writers should not deceive the respondents or deceive themselves as 
researchers, if something was wrong or if changes have occurred during the course of the study, 
then the writers know that they should be sincere and honest in saying so (Swedish Research 
Council, 2024; Shank, 2002). During the course of the study, we have an open and honest 
dialogue with each other to ensure that everyone is working towards the purpose of the study. 
This meant that the writers actively talked during the study to achieve the purpose of the study. If 
there were any question marks, this was discussed, and sometimes some text corrections were 
made because there was development potential in the purpose of the study and being able to 
answer the research questions. 
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Be careful: The researcher should ensure that the work has been documented in such a way that 
others can follow what has been done (Shank, 2002). We have carefully formulated and 
structured the methodology for the study, which makes it easier for other researchers to follow 
the parts of the report but also to use the results for further research. The documentation should, 
of course, not risk the confidentiality of the sources (Shank, 2002). Therefore, it is avoided to 
talk about gender, age, company name, or which city and country the respondent is 
professionally working in, which means that the identity of the respondent remains anonymous. 
Many qualitative studies have problems with anonymity, which requires extra caution when it 
comes to the danger of identifying individuals, organizations, or places (Bryman et al., 2017). 

3.8 Operationalisation 

Operationalization in this study refers to the process of translating theoretical concepts into 
empirical themes and interview questions that can be explored through qualitative inquiry 
(Bryman et al., 2017). Rather than measuring concepts as fixed variables, the purpose of 
operationalization is to clarify how key ideas such as the use of generative AI, perceived 
usefulness, trustworthiness, and supplier visibility are understood and investigated through 
respondents’ experiences. 

In a qualitative, interpretivist study, operationalization supports the alignment between the 
theoretical framework, research questions, and data collection by ensuring that abstract concepts 
are meaningfully reflected in the interview guide. Furthermore, operationalization helped 
translate abstract theoretical concepts into empirically observable themes, enabling the 
researchers to systematically explore how these concepts were expressed through respondents’ 
experiences and interpretations (Alvesson et al., 2011). This allows the researchers to explore 
how sourcing professionals describe, interpret, and make sense of generative AI tools within 
early-stage supplier identification and shortlisting processes (Bryman et al., 2017). 

By structuring the study around clearly defined themes derived from the literature, 
operationalization helps maintain focus on the purpose of the research while enabling rich, 
in-depth insights. It therefore functions not as a tool for measurement but as a framework for 
guiding data collection and interpretation in line with the study’s qualitative design (Bryman et 
al., 2017). 

4. Empirical Findings 
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This chapter presents the empirical findings from eleven semi-structured interviews with 
professionals involved in supplier search, sourcing, and procurement related activities. This 
chapter shows how generative AI tools are used in the early stages of supplier search and 
evaluation. It also presents respondents’ views on the usefulness, trustworthiness, and limitations 
of AI-generated supplier information. The results also discuss the influence of generative AI on 
supplier visibility and shortlisting decisions. The chapter is organized into four major sections. 
Section A:- Background describes the background and the professional experiences of the 
respondents. Section B:- Use of Generative AI in Early-Stage Supplier Search describes how 
generative AI can be used in the early stages of searching for suppliers. Section C. looks into 
Respondents’ perceptions of the usefulness, trustworthiness, and limitations of AI-generated 
information. Finally, section D looks at the perceived influence of generative AI on supplier 
visibility and supplier shortlisting.  
 
4.1 Section A: Background 
 
The respondents come from different kinds of organizations and sourcing situations. Respondent 
1 is a London-based owner of a dental supplies company and is involved in the sourcing of 
dental products, consumables, and equipment, mainly from China. Respondent 2 is the founder 
and owner of a VFX and CGI production studio in Dubai. Here, sourcing is mainly about 
software licenses, render farm services, plugins and specialized SaaS tools. Respondent 3 is a 
marketing specialist in a green building consultancy company in Turkey. He is indirectly 
involved in the search for suppliers of technical equipment, materials and sub-consultancy 
services. Respondent 4 is the founder of a company offering copywriting and content services 
and sourcing freelancers, tool vendors and platform partners. Respondent 5 is the CEO of a SaaS 
company based in Istanbul and reviews API providers, infrastructure tools, data partners and 
specialist freelancers. Respondent 6 is a site manager of a luxury villa construction company in 
Bodrum and makes most decisions concerning the purchase of construction materials and site 
needs. Respondent 7 is the owner of a service business and does the sourcing and opportunity 
identification himself. Respondent 8 works with field sales operations in the Nordic market and 
is mainly involved in customer interaction through door-to-door sales, events, and street 
activities. Respondent 9 is the owner of a law office and looks after the procurement needs in the 
administration, such as cleaning for the office, transportation, hotel accommodation and office 
supplies. Respondent 10 is a project manager for an offshore construction company and 
discusses construction project needs with manufacturers and suppliers. Respondent 11 works 
with identifying collaboration partners, guest lecturers, digital tools, and services related to 
entrepreneurship and business development. See Appendix, Table 1. ​
​
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The respondents added different sourcing of suppliers. According to respondent 1, Alibaba and 
Made-in-China remain the primary starting points for finding Chinese suppliers. Trade fairs and 
referrals within the dental industry are also important. But the respondent highlighted that there 
is an information gap in China sourcing, as some of the factories do not have great visibility in 
English and their documentation can be hit or miss. Respondent 2 explained that the supplier 
search is community-driven, where recommendations from other studios, industry publications, 
Siggraph presentations, and technical communities are important. “The first step is usually 
existing networks, companies the organization has already worked with, recommendations from 
professionals,” said respondent 3. “For more niche searches, we need industry publications, lists 
of international organizations, LinkedIn and increasingly AI tools.” Respondent 4 described the 
process as informal and community based, relying on industry recommendations and 
AI-supported discovery. Respondent 5 pointed out that the process of looking for a supplier is 
informal and that the first instinct is often to ask an AI tool, but also using Product Hunt, Slack 
communities and one’s own network. Respondent 6 stated, “the process is to first identify the 
need and then to see if there are any existing suppliers, ask for references, Google, or use AI 
tools”. The respondent thought more about product quality and reliability than price alone. 
“Previously, we would search for suppliers and opportunities through phone calls, emails and 
advertisements, but now, AI tools have become part of the workflow,” clarified respondent 7. 
Respondent 8 explained that sourcing activities are less focused on supplier identification and 
more focused on communication and customer interaction, where AI tools are used to automate 
repetitive tasks and improve operational efficiency. Respondent 9 still uses Google, word of 
mouth and existing suppliers. Respondent 10 mainly relies on long-term supplier relationships 
and professional networks. Respondent 11 explained that sourcing usually starts with identifying 
a need and then searching for suitable collaboration partners, lecturers, or tools through 
networks, LinkedIn, Google searches, and increasingly generative AI tools. 
 
Respondents were diverse in their use of generative AI. Respondents 1, 2, 3, 4, 5, 6 and 7 
implemented generative AI tools into their professional work to varying degrees. ChatGPT was 
the most mentioned tool, and some respondents also mentioned Perplexity, Gemini, Claude, 
Copilot, Grok and DeepSeek. Respondent 1 had been using ChatGPT for about two years and 
had also tried out Perplexity and Gemini. Respondent 2 had been using ChatGPT, Perplexity and 
Gemini since late 2022 or early 2023. Respondent 3 had been using ChatGPT seriously for about 
a year and a half to two years, and also testing Perplexity, Gemini, and Copilot. Respondent 4 
described AI as being deeply embedded in the company's workflow and reported using ChatGPT 
on a daily basis, together with Claude and perplexity. Respondent 5 had been using Perplexity, 
Claude, Gemini, and had been heavily using ChatGPT seriously since late 2022 or early 2023. 
Respondent 6 had been using both Gemini and ChatGPT for a year and a half, primarily for 
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research on material and technical specifications. Respondent 7 used a number of freely available 
tools, including ChatGPT, Gemini, Claude, Grok, and DeepSeek. Respondent 8 used AI mainly 
for email writing, PowerPoint presentations, customer interaction summaries, call automation, 
and quality assurance tasks rather than supplier sourcing. Respondent 9, however, had not used 
generative AI for supplier search and Respondent 10 did not use AI tools actively together with 
supplier sourcing, but AI was used sometimes for methodology development, calculations, 
visuals, and project related application methods. Respondent 11 used ChatGPT extensively in 
daily work, while colleagues also used Claude and Gemini, and the organization had developed 
its own AI assistant for business development support.  

4.2 Section B, Use of Generative AI in Early-Stage Supplier Search 

 
The use of generative AI in early-stage supplier search varied by industry, sourcing task, and AI 
adoption level of the respondent. Respondents 3, 4, 5, 6 and 7 stressed that generative AI is 
especially useful in the very first stage of a search for a supplier. Respondent 3 used AI to get 
first overview of supplier markets especially when searching for niche suppliers related to green 
building certification, e.g. acoustic materials or sustainable construction chemicals. The 
respondent said AI provides a “starting map” before digging deeper into Google, company 
websites and reference projects. Respondent 4 also used AI at the beginning of the process by 
asking questions like which platforms or service providers are relevant in a certain area . For this 
respondent, AI offers a quick starting map and it has changed the process from “search and 
browse” to “ask and refine.” Respondent 5 said AI tools are the “first call” when a new vendor is 
needed. The user types in the use case, the scale and the budget range into Perplexity or Chatbot 
and receives a first list of names and categories. Respondent 6 used AI at the beginning of the 
supplier search by inputting a technical specification into the tool and asking which Turkish 
suppliers have products matching the requirements. Respondent 7 used AI in the early stages to 
find businesses or situations where there might be demand for services like furniture assembly, 
curtain installation or outdoor seating assembly. Similarly, respondent 11 said that AI is useful 
for exploratory search, for example, for finding collaboration partners, lecturers, organisations 
and relevant keywords before doing deeper personal research. Respondents 3, 4, 5, 6, 7 and 11 
mentioned that generative AI is particularly useful in the early stage of search processes.  
 
A few respondents said they use AI more in the middle stage of supplier search, rather than the 
earliest discovery phase. “AI is not reliable enough for direct supplier discovery, particularly 
when looking for Chinese dental manufacturers,” respondent 1 said. When the respondent asked 
for dental consumables manufacturers in Shenzhen, the results were often vague, outdated or not 
verifiable. So discovery still occurs via Alibaba, Made-in-China, platforms and contacts. But AI 
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is useful once the respondent has found a potential supplier, because it helps them to understand 
what to check, what certifications to ask for and what due diligence questions to ask. Respondent 
2 used AI mainly in the middle phase, after some potential vendors were identified through 
industry communities. The respondent leveraged AI to assess software features, performance 
benchmarks, GPU compatibility, pricing models, licensing flexibility, and integration with tools 
such as Houdini or Unreal. 
 
The respondents also provided concrete examples of how they used AI in sourcing activities. 
Respondent 1 used the AI model “ChatGPT” to evaluate a potential supplier of dental barriers 
and covers. The supplier had been sourced through Alibaba, but the respondent wanted to know 
what certifications and quality standards a Chinese manufacturer should have to be legally 
distributed in the UK. The answer given was helpful to the respondent in gathering a list of 
questions about CE marking, UKCA, ISO 13485 and MDR classifications. In terms of per-frame 
costs, supported software versions, and uptime guarantees, Respondent 2 used ChatGPT and 
Perplexity for comparison cloud render farm providers. Respondent 3 used ChatGPT to find 
suppliers of sustainable chemicals for construction, active in Turkey. Some of the names were 
familiar, some were new and one could not be found indicating that verification was required. 
Respondent 4 used Perplexity and ChatGPT to research content distribution and press release 
services for US SMBs. Respondent 5 used Perplexity to find transactional email APIs such as 
Postmark, Resend, SendGrid, Mailgun and Amazon SES. Respondent 6 used ChatGPT to find 
Turkish suppliers for a wall panel with specific acoustic insulation properties, and one of the 
suggested suppliers turned out to be very suitable. The seventh respondent used generative AI to 
find restaurants that would be setting up outdoor dining areas for the summer, called them on the 
phone and landed a one-time gig providing a service. Respondent 11 explained how they used 
ChatGPT to find a guest lecturer for a specialised course by describing the skills that are needed, 
background and local context, after which AI suggested relevant individuals, organisations and 
ways to contact them. 
 
Responses 9 and 10 on the other hand, did not use generative AI for supplier search. “The law 
office still uses Google, referrals and existing supplier relationships,” said Respondent 9. “We 
have not introduced generative AI to the supplier search process.” The respondent 10 also said 
that AI tools are not used for supplier search as the company works with existing suppliers and 
long term partnerships. Where suppliers outside of the existing network are needed, the 
organization turns to Google searches or suppliers that come to the company via professional 
networks. 
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A recurring pattern across the interviews was that generative AI was primarily viewed as a 
search tool rather than a supplier selection tool. The respondents described AI as particularly 
useful for gathering market summaries, identifying supplier categories, and generating a new 
understanding of unfamiliar sourcing situations. Despite differences in industry and sourcing 
context, respondents shared the perception that AI creates a useful starting point for further 
supplier search. At the same time, the findings show that AI's role remains concentrated in the 
early stages of supplier search, while later evaluation activities continue to rely heavily on 
human judgement, verification, and professional expertise. 

4.3 Section C: Perceived Usefulness, Trustworthiness, and Limitations 

4.3.1 Usefulness 

The respondents who used generative AI generally described it as useful, but mainly as a starting 
point rather than a final decision-making tool. Respondent 1 said that, with AI, “we fill the 
knowledge gaps, especially because we don’t have a big procurement department with a 
specialist for every category.” As one respondent said, “AI is like having a smart colleague on 
speed dial.” The respondent found AI useful for general knowledge, regulatory frameworks, 
standards and evaluation criteria, but much less reliable for specific supplier names, contacts and 
current company status. “AI is good for speed and structure, especially when there is a time 
crunch in production work,” said respondent 2. However, the respondent pointed out that AI is 
an accelerator of research, not a decision-maker. Respondent 3 said that AI is useful because it 
saves time, gives a language advantage, and adds context on supplier information by saying what 
companies are suitable for. Respondent 4 mentioned the speed and synthesis of AI: AI provides 
an overview that is already synthesized, you do not need to make sense of a lot of individual 
search results. Respondent 5 also explained how AI is useful as it gives a structured response to 
complex requirements. As respondent 6 stated, "AI shortens research time from hours to minutes 
and helps to discover companies outside the existing network”. Respondent 7 also found AI 
useful because it can quickly provide relevant information and help identify potential 
opportunities. Respondents 8 and 11 also described AI as useful for improving efficiency, 
reducing repetitive work, summarising information, and supporting communication processes. 

A central pattern shown from the interviews is that respondents associated usefulness primarily 
with efficiency. AI was perceived as valuable because it reduced search time, synthesized 
information, and provided structured overviews of supplier markets. However, the findings also 
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show an important tension. While respondents consistently described AI as useful and 
time-saving, many simultaneously mentioned that AI-generated information could not be relied 
upon without verification. This means that perceived usefulness was linked more strongly to 
research support and information gathering than to confidence in the accuracy of AI-generated 
outputs. 

4.3.2 Trustworthiness 

 

Trust in AI-generated supplier information was found to differ depending on the type of 
information under evaluation. Respondents 1,2,3,4,5, 6 and 11 saw AI as useful in general for the 
early stages of supplier search, in particular for gaining market overviews, conceptual 
understanding, and finding larger suppliers. But they warned that the outputs should not be 
considered completely reliable unless verified. Respondent 1 trusted conceptual explanations 
(e.g., regulations and certifications) more than factual company-specific claims, while 
Respondents 2 and 3 trusted industry trends and general market insights more than pricing, 
technical specifications or current supplier data. Respondents 4 and 5 identified AI as a source of 
initial research, and Respondent 6 measured reliability at "around seventy to eighty percent" 
when other information was verified independently. Respondent 11 similarly added that 
AI-generated information should be treated as a starting point rather than a final answer. 
 
In contrast, Respondents 7 and 9 expressed somewhat lower levels of trust. Respondent 7 had 
experience with hallucinated businesses and false supplier information. Respondent 9 expressed 
legal skepticism on AI-generated information, saying trust can only be built with traceable and 
verifiable sources. In the interviews, AI was therefore viewed as a supportive research tool, not a 
reliable source for final supplier decisions. 
 
Verification was one of the most often used phrases by respondents. Most respondents said they 
use a mix of verification methods such as supplier websites, LinkedIn activity, official 
documentation, reviews, direct contact, and third-party platforms. Respondents 1 and 6 used 
more direct contact with suppliers and product confirmation, and Respondents 3 and 4 used more 
digital credibility indicators like reference projects, company activity, and recent public 
information. For instance, respondent 5 also checked review sites such as G2 and Reddit for 
evaluating whether suppliers were legitimate. Even respondents who only used AI to a limited 
extent, such as Respondent 9, stressed the same discipline of verification that would be required 
if AI-supported sourcing were to be adopted in legal work. Respondent 10 added that outputs 
from AI are compared to existing company data, calculations, and professional experience to 
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evaluate reliability. In general, it appears that verification was seen as important, regardless of 
the perceived usefulness of AI in supplier search. 
 
Trust was conditional rather than absolute for most of the respondents. Respondents generally 
trusted AI-generated information when it was used to gain a general understanding, identify 
trends, or generate ideas. However, trust decreased when information became more specific, such 
as supplier names, contact details, etc. This shows that trustworthiness was connected to 
respondents’ verification practices and professional experience rather than to the AI system 
itself. 
 
4.3.3 Limitations  
 
Lots of limitations and risks were repeatedly identified in the interviews. Among the top 
concerns were hallucinations, outdated information, made up supplier details, and visibility 
errors. Respondents 1 and 4 noted that AI can easily generate wrong contact information, pricing 
details or even fake suppliers. But respondents 5 and 6 highlighted the difficulties that smaller or 
regional suppliers face to be seen in AI-generated recommendations due to their small digital 
presence. Respondents 2 and 3, on the other hand, stressed poor real-time accuracy and rapidly 
outdated information, especially in software-related sourcing environments. Respondent 7 also 
criticized the tendency of AI systems to confirm user assumptions rather than critically challenge 
them. The interviews suggest that respondents identified overconfidence, outdated data and 
digital visibility bias as the main weaknesses of AI-supported supplier search. Respondents 8 and 
11 also highlighted errors, unreliable outputs, hallucinations, and the need for human review 
before AI-generated information can be trusted professionally. 
 
The interviews also revealed that the participants had different levels of understanding about how 
generative AI systems generate their outputs. Most respondents had a general understanding of 
AI’s dependence on training data, probabilistic models or synthesized information from the web. 
But many participants described the recommendation process itself as transparent. Respondents 
3, 5, and 6 specifically questioned why some suppliers were prioritised and others excluded, 
describing it as a “black box”. Respondent 9 admitted they had a limited understanding of how 
AI-generated answers are produced, but uncertainty around how sources are prioritised, ranked, 
and kept up-to-date was a recurring theme in the interviews. 
 
Biased answers were another recurring worry, especially for traditional search engines. Several 
respondents argued that AI-generated recommendations are subject to the same structural gaps 
that shape Google rankings, but in less visible ways. Respondents 1, 2, and 5 suggested that 
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AI-generated responses are more likely to contain suppliers with a stronger digital footprint, 
more online visibility, and more representation in training data. Respondents 3 and 9 also 
suggested that AI’s biased answers may be more difficult to detect, since information is 
presented as a synthesized and seemingly neutral conclusion, rather than in the form of ranked 
search results. In addition, Respondents 4 and 6 highlighted that AI does not adjust for, but rather 
reproduces, the existing information hierarchy of the internet. Respondent 7 also thought that 
companies would start to optimize content for AI systems just as they have done for search 
engines in the past. In conclusion, the findings indicate that respondents considered AI to be 
determined by digital visibility, representation of training data, and underlying power structures 
online rather than being a neutral sourcing tool. 

4.4 Section D: Influence on Supplier Visibility and Shortlisting 

 

The respondents generally thought that generative AI affects which suppliers show up during 
supplier searches. But the extent of this influence depended on the level of AI use in the sourcing 
activities. Respondents 2, 3, 4, 5, 6, and 7 stated that AI directly impacts supplier visibility by 
favoring those that have a strong digital presence, international recognition, content in English, 
or optimized online materials. Some respondents said suppliers without a strong online presence 
might be invisible in AI-generated results. Respondents 3, 4, and 5 talked about AI as a visibility 
filter, a “gatekeeper” of sorts. Respondent 7 related supplier visibility with SEO and AI 
optimization practices. Similarly, Respondent 9 believed that AI would tend to favor bigger and 
more digitalized suppliers. On the other hand, Respondent 6 pointed out that AI can also help to 
expand supplier discovery by helping to identify companies that may not have been found in 
traditional Google searches, but suppliers without any websites or online content are still difficult 
to find. Respondent 1 had a somewhat different take and explained that AI impacts visibility 
mainly indirectly by deciding which criteria buyers value in the sourcing process. 
 
Some respondents also mentioned that AI answers can determine which suppliers are given 
immediate attention. Respondents 2, 3, 5, 6, and 9 all observed that the initial suppliers 
mentioned in the AI-generated responses received disproportionate attention and remained top of 
mind during the evaluation process. Respondent 3 referred to this as an ‘AI bias’. Respondent 5 
explained that suppliers that are excluded from the first response may effectively be dropped 
from consideration. Similarly, respondent 6 described AI-generated suggestions as forming an 
initial “mental map” of the market that shapes which suppliers enter the evaluation process. 
Respondent 8 also believed that AI systems prioritize certain information and companies based 
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on online visibility and available digital data.​
 
Some of the respondents also thought some categories of suppliers are systematically 
underrepresented in AI-generated results. Respondents 1, 3, 4, 5, 6, and 9 observed that smaller, 
regional, niche, or newly established suppliers often have weak and less visible digital presence. 
This was particularly pointed out by respondent 1 in relation to sourcing from China, where 
many manufacturers operate via agents, trade relationships or local networks and not via English 
language websites. Respondents 3 and 5 noted that suppliers who speak primarily local 
languages are at a disadvantage in AI-generated recommendations. “Regional firms that have no 
websites or digital presence,” said Respondent 6. “Suppliers who depend on reputation and word 
of mouth will probably be invisible to AI systems,” said Respondent 9. On the other hand, 
Respondent 7 argued that AI can provide wider overviews of the market when the prompts are 
well prepared, but in cases of unclear prompts, relevant suppliers can be excluded. 
 
While AI was a factor in supplier visibility, respondents always made clear that suppliers were 
not being excluded or included based on AI-generated recommendations per se. Instead, the AI 
was mostly used as a first step for further evaluation. Additional verification practices mentioned 
by respondents 1, 2, 3, 4, 5, 6, 7, and 9 included supplier websites, case studies, references, 
LinkedIn activity, reviews, external databases, and direct communication. Respondents 1 and 6 
placed more focus on direct interaction with suppliers and product confirmation, whereas 
Respondents 4 and 5 paid more attention to digital credibility indicators such as website quality, 
customer references, and documentation. Respondent 2 discussed, “AI might put a supplier on 
the radar, but whether they will be included or not depends on technical fit, supplier reputation, 
and direct dialogue.” Respondents overall considered the AI-generated supplier information as 
supportive, not as a decision maker in the supplier evaluation.​
 
The interviews also revealed multiple ways in which AI influences the shortlisting of suppliers. 
Respondents 2, 3, 5, and 6 described the significant impact of AI on the first selection of 
suppliers considered in sourcing processes. “AI has had an influence on the ‘first draft’ of the 
supplier list,” said respondent 2, while respondent 5 thought that “suppliers that come up 
repeatedly in AI-generated answers are more likely to be shortlisted.” Additionally, Respondent 
3 also argued that AI is more impactful in determining the larger candidate pool rather than the 
final shortlist, and AI bias can indirectly impact decision-making if the verification is not correct. 
On the other hand, Respondent 7 explained that AI is mainly used for information gathering, but 
the final shortlisting decision is based on independent evaluation and extra research. 
Respondents 9 and 10 were not currently using AI in a way that directly impacted supplier 
shortlists. 
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Several respondents also described differences between AI-generated supplier information and 
traditional search engines. Respondents 1, 2, 3, 5, 6, 7, and 9 explained that traditional search 
engines mainly provide links and raw information, whereas AI systems generate pre-synthesized 
narratives. Respondents 1 and 3 argued that this changes the user’s role from actively 
interpreting information to consuming already interpreted summaries, potentially influencing 
perceptions from the beginning of the search process. Respondent 5 stated that AI frames 
supplier comparisons before independent evaluation occurs, while Respondent 6 emphasized that 
AI-generated summaries save time by packaging information into simplified descriptions. 
However, several respondents also warned that this convenience may reduce critical evaluation 
because users are positioned further away from the original sources. 

A few respondents mentioned cases where AI brought in suppliers or perspectives they hadn't 
thought of before. Respondents 2, 3, 5, 6, and 7 stated that they found relevant suppliers, 
software tools, consultancy firms, or construction-related suppliers with the help of AI-generated 
recommendations. Respondent 6 also added that the respondent’s perception of a supplier 
changed by the AI-generated information when the respondent learned of international 
certifications and export activities that were not known before. However, respondent 1 did not 
find specific suppliers using AI, but explained that AI broadened the respondent’s understanding 
of supplier categories and geographic sourcing areas. Respondents 9 and 10 did not offer similar 
examples, as they were not actively using AI for supplier discovery. Respondent 11 also 
described how AI introduced relevant local experts, organisations, and collaboration 
opportunities that may not have been discovered immediately through traditional searches. 
 
Interview respondents consistently described AI-generated supplier information as something to 
be treated as a hypothesis rather than an answer. All Respondents 1, 2, 3, 4, 5, 6, 7, and 9 
emphasized that the outputs of AI require verification, contextual interpretation, and independent 
review before they can be trusted. AI is “structured intuition rather than fact”, discusses 
Respondent 4, and AI-generated information is like “an experienced colleague’s quick opinion,” 
helpful but not authoritative, describes Respondent 6. The results show that generative AI is 
taking an increased role in supplier visibility and initial shortlisting. However, human judgment, 
verification, and sourcing skills are still viewed as critical by respondents in supplier evaluation 
and decision-making overall. 
A recurring theme here was that AI helps shape the first consideration set by deciding which 
suppliers are displayed first and which receive immediate attention. While respondents 
acknowledged that final shortlisting decisions were based on independent evaluation and 
verification, many also recognized that suppliers excluded from AI-generated outputs may never 
enter the evaluation process at all. This, therefore, suggests that AI's greatest influence occurs 
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indirectly through shaping awareness, visibility, and the formation of initial supplier lists rather 
than through direct decision-making. 
 
Although many respondents perceived AI-generated information as efficient and relatively 
neutral, these perceptions do not necessarily imply that the information is accurate, objective, or 
strategically optimal. Several respondents acknowledged that AI-generated outputs may reflect 
existing digital visibility structures, training-data biases, and online information hierarchies. 
Therefore, the results show that efficiency should not be confused with accuracy, and underlying 
algorithmic and informational biases may still influence the neutral AI-generated 
recommendations. 

5. Analysis 

Introduction 

 
This Chapter presents the analysis of the gathered interviews. The findings are analyzed 
abductively with the selected literature review to understand how generative AI influences 
early-stage supplier search in sourcing processes. The chapter is thematically structured and 
directly links the empirical material with the theoretical concepts presented in the literature 
review. 
 

5.1 Section B – Use of Generative AI in Early-Stage Supplier Search 

People try to reduce information overload to simplify complex decision-making situations. This 
was also something that was mentioned by most of the respondents in the interviews, where 
generative AI was mainly used to get a first overview of unknown supplier markets, categories, 
and technologies before a deeper supplier evaluation was done (Giarlotta et al. 2024). “AI helps 
answer the question of, ‘Where do I start,’ when you’re coming into a new product category or a 
technical spec,” describes Respondent 6. This can be connected to bounded rationality since 
respondents rarely searched the supplier market manually. AI helped to reduce information 
overload by summarising supplier categories, technical specifications, and market overviews. 
This made it easier for respondents to create an initial evaluation set. 
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While the study's framework suggests that people use AI tools to simplify complex decisions, the 
findings show that generative AI does not remove complexity completely. Several respondents 
explained that AI made it easier to find and organize information, but the need to verify 
AI-generated outputs created additional work. Rather than eliminating complexity, AI appears to 
shift the focus from information search to information verification. This shows that generative AI 
changes how sourcing professionals manage complexity rather than removing it altogether. 
 
The experiences of the respondents further support the argument by several studies, that the first 
steps in identifying suppliers determine a lot about which suppliers are later evaluated 
(Giunipero et al., 2019 and Shrestha et al., 2019). Some respondents said that AI tools 
contributed to speeding up the orientation phase of sourcing as they were able to help them 
identify potential suppliers before they reached out to them directly. Instead of opening tons of 
browser tabs and skimming through docs pages, I start with a conversational question for a first 
overview, then dive deeper into the most relevant details, describes Respondent 2. This can be 
connected to the argument that digital technologies increasingly shape supplier identification 
before formal evaluation. Respondents used generative AI to understand supplier markets early 
on, instead of relying only on traditional search methods.​
 
At the same time, some respondents used AI as a fully independent source channel. Most 
respondents combined AI-generated information with traditional sourcing methods, including 
referrals, professional communities, Google searches, and direct contact with suppliers. 
Respondent 11 also described AI as mainly valuable during the earliest stages of identifying 
collaboration partners and lecturers. This means generative AI is more of an improvement, rather 
than a replacement, for good old-fashioned sourcing. Human networks, previous relationships, 
and professional communities were still important, especially when sourcing highly specialized 
suppliers. 
 
While the literature suggests that digital search infrastructures are becoming central to the 
identification of suppliers, several respondents continued to value referrals, previous 
relationships, and professional communities over AI-generated discovery. This shows that 
generative AI could improve the efficiency of supplier search without altering the nature of 
traditional sourcing behavior. Therefore, the findings challenge the assumption that sourcing 
processes will become fully AI-mediated, as relational sourcing and human networks remain 
highly influential across several industries. The respondents’ experiences support existing 
literature that explain generative AI is different from traditional search engines as it synthesizes 
information and not only presents lists of links (Feuerriegel et al., 2024). Most of the respondents 
mentioned that the outputs generated by AI give structured summaries and comparative 
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overviews, not fragmented search results. “Google gives links, AI gives synthesis right away,” 
claims Respondent 4, even though respondent 8 was less involved in direct supplier discovery, 
the respondent still described how generative AI improved efficiency through automation of 
repetitive communication and administrative processes. 
 

5.2 Section C – Perceived Usefulness, Trustworthiness, and Limitations 

5.2.1 Usefulness 

 
Parallel with existing literature, the respondents’ experiences confirm that perceived usefulness 
influenced their willingness to adopt generative AI heavily in the context of sourcing-related 
activities (Marocco et al., 2024). Most of the respondents described AI as very valuable in terms 
of improving efficiency, reducing research time, organizing information, and improving 
preparation before engaging with suppliers. AI is a knowledgeable colleague who can point you 
in the right direction fast, according to Respondent 5. This supports the argument that efficiency 
and ease of use drive AI adoption. The respondents said AI helped them to learn about supplier 
markets and compare alternatives quickly. 
 
Even though respondents consistently described AI as highly useful, they simultaneously 
expressed significant concerns regarding hallucinations, outdated information, and source 
transparency. In practice, usefulness did not translate into reliance. Instead, respondents treated 
AI as a useful but fundamentally incomplete source of information. This means that usefulness 
could encourage adoption without necessarily increasing trust or reducing verification behaviour.​
 
AI reduced manual research effort significantly, pointed out by several respondents. 
“Research that normally takes hours becomes a few minutes.” for Respondent 6 
This validates the academic research , which explains that digitalization reduces information 
frictions and increases the speed of identifying suppliers (Shen et al., 2025). The results show 
that generative AI improved sourcing efficiency, especially in sourcing situations that were new 
or technically complex. 
 
Respondents also described perceived usefulness beyond the identification of suppliers. 
Respondents said they found AI tools useful for preparing questions for suppliers and for 
understanding regulations, technical specifications, and supplier alternatives for comparison. 
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Respondent 1 said, “AI helped explain the UKCA requirements, the MDR regulations, the ISO 
13485 standards, and the supplier certification expectations." This indicates that generative AI 
was helpful not only for supplier discovery but also for respondent preparation before supplier 
evaluation and communication. Respondent 11 similarly described generative AI as useful for 
idea generation.  
 
Although respondents acknowledged that AI could favour suppliers with a strong digital 
presence, supplier visibility was rarely described as the main reason for using AI tools. 
Respondents mainly highlighted efficiency, convenience, and faster access to information as the 
primary benefits. This explains that changes in supplier visibility might be a secondary effect of 
AI use rather than the main concern of sourcing professionals. Therefore, the findings only partly 
support the literature that presents supplier visibility as the primary way AI influences sourcing 
practices. 

5.2.2 Trustworthiness 
 
The experiences of our respondents demonstrate strong similarities with the arguments of 
existing literature, which describe hallucinations, outdated information, and transparency 
limitations as key challenges of generative AI systems (Feuerriegel et al., 2024). Nearly all 
respondents expressed concern over the reliability of AI-generated supplier information. The 
information generated by AI is not fully trusted, as there have been cases where the companies 
suggested did not exist, or the information was wrong, says Respondent 7. This agrees with the 
literature on uncertainty in AI-generated information. Respondents mentioned examples of AI 
providing outdated or incorrect supplier information. Therefore, for most respondents, 
AI-generated outputs serve as beginning points rather than final answers. 
 
Respondent 5 and 11 claimed that AI outputs are good for a first cut, not a final answer. This 
supports current research, which describes that digital information environments require 
continuous evaluation of information quality and credibility (Grant et al., 2007). Respondents 
therefore pointed out the importance of checking the supplier information generated by AIs 
through websites, documentation, references, and direct contact. Respondents also pointed out a 
tension between the confidence of AI-produced outputs and the real accuracy of the information. 
Sometimes with AI, it will come out with something wrong, with a very confident tone, and you 
won’t realize that it’s not sure, argues Respondent 1. Supporting existing literature that suggests 
the problem with hallucinations is that AI systems communicate information with too much 
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confidence (Feuerriegel et al., 2024). The respondents said this could be risky when evaluating 
suppliers because wrong information may appear trustworthy. 
 

5.2.3 Limitations 
 
The responses further support the theoretical discussion of AI limited transparency. A few 
respondents said they didn’t quite understand how AI systems rank or choose supplier 
information. Respondent 2 said that they generally understood how large language models 
worked, but still did not understand why certain tools or suppliers were recommended over 
others, and the systems felt like a “black box.” This can be connected to current literature, which 
describe that AI systems organize information but do not clearly show how sources are 
prioritized (Feuerriegel et al., 2024). Therefore, respondents questioned why some suppliers 
showed up, and others did not. Several respondents also reported that this transparency caused 
some difficulty during the sourcing activities. Respondent 9 said that AI answers were often 
presented as final conclusions instead of transparent lists of sources, making it hard to find bias 
or see where the information came from. That means that concerns about transparency are not 
just technical challenges, but also concerns about trust. Respondents often used AI for getting an 
overview, but were not ready to rely fully on it. 
 
But despite these concerns, respondents did not reject AI altogether. Instead, several respondents 
developed adaptive trust strategies in which AI-supported information was critically received but 
still used extensively. Respondent 4 said that AI was used mostly to create vocabulary, 
categories, and supplier names for the next step of research, instead of to give concrete answers. 
This shows that respondents used AI-supported information, human judgment, verification, and 
independent research when doing sourcing activities. 
 
There was a theoretical tension between trust and transparency. Existing research points out that 
trust in generative AI is connected to perceived transparency and information quality, but there is 
also a sense of uncertainty because AI systems operate through opaque “black-box” processes 
(Gupta et al., 2025).  However, respondents in this study have shown that usefulness alone was 
not enough to build trust in AI-supported sourcing systems. Although several respondents talked 
about efficiency and reduced research time due to AI, they were still concerned about 
transparency, hallucinations, and uncertainty about information sources.  Respondent 9 said that 
AI-generated answers were often given as finished answers rather than transparent lists of 
sources, which made it difficult to identify bias and understand where the information was 
coming from. This supports current literature claims which argue that users have difficulty 
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understanding how AI systems prioritize and process information, which can destroy trust even 
when the systems are perceived as useful (Gupta et al., 2025).  The findings, therefore, put doubt 
on the assumption that improved efficiency does not automatically lead to a higher level of trust 
in AI-supported sourcing methods. 
 
Existing literature suggests that AI is becoming increasingly involved in business 
decision-making. The findings of this study, on the other hand, show that respondents were 
generally unwilling to let generative AI make sourcing decisions on their behalf. AI was mainly 
used to identify options, organize information, and support the early stages of supplier search. 
Human judgment, direct supplier interaction, and independent verification remained important 
throughout the sourcing process. Generative AI currently serves more as a support tool that helps 
sourcing professionals manage and understand information rather than acting as a 
decision-maker itself. 
 
5.3 Section D – Influence on Supplier Visibility and Shortlisting 
 
Existing literature describes the role of generative AI as an increasing visibility gatekeeper in the 
search for suppliers, which was also shown in the experiences of the respondents (Jürgensmeier 
et al., 2025). Most respondents said that suppliers who were top performers in AI-generated 
results were noticed automatically at the earliest stages of sourcing. As Respondent 2 explained, 
the suppliers that appeared first in the AI-generated responses were often the ones that received 
the most attention during the supplier search. This means that AI-generated rankings will decide 
which suppliers make it into buyers’ initial consideration and awareness sets. 
 
Several respondents described AI as helping them identify suppliers, markets, and opportunities 
that they may not have discovered through traditional search methods. At the same time, 
respondents observed that AI-generated outputs often highlighted the same well-known and 
digitally visible suppliers. The findings clearly show that AI can both expand and limit supplier 
discovery. While AI can introduce users to new alternatives, it may also focus attention on a 
relatively small group of highly visible suppliers. This is only partly addressed in the existing 
literature and could be explored further in future research. 
 
Some respondents also observed that suppliers excluded from AI-generated results became less 
visible during sourcing activities. Suppliers not seen in AI-generated results often became 
invisible in AI-assisted sourcing channels, pointed out Respondent 2. This can be matched to the 
argument that supplier visibility is increasingly relying on digital representation rather than only 
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on supplier quality. The respondents’ experiences also matched the findings of current literature 
on the effect of embedded bias and training data dependency on generative AI systems 
(Feuerriegel et al., 2024). Some respondents were concerned that AI results would be biased in 
favour of large, digitally visible English-language suppliers. “AI-generated search results 
typically favour large English-language companies that are well known on the Internet,” said 
respondent 5, particularly suppliers based in the US. Respondents also said there was a higher 
percentage of suppliers with a strong digital presence, but there was less representation of 
smaller or regional suppliers. 
 
Some respondents also noted the invisibility of local or niche suppliers. Smaller suppliers with a 
weak digital presence or little content online were often difficult to find using AI tools, explained 
respondent 6. This highlights the growing importance of digital presence, volume of online 
content, and language visibility for supplier discoverability. Meanwhile, an opposition was found 
on the effect of AI on supplier diversity. While many of the respondents felt AI increased 
visibility of the dominant suppliers, some respondents also explained that AI sometimes brought 
in suppliers that were not previously seen. As Respondent 6 said, “One of the suppliers that was 
suggested by AI was a very suitable supplier for the sourcing need. This means generative AI 
can both strengthen the visibility of dominant suppliers and expand awareness beyond existing 
supplier networks. 
 
Existing research describes that digitally integrated buyers are more open to unfamiliar suppliers 
while still relying on heuristics and credibility signals, which could also be seen in the 
respondents’ experiences (Krijestorac et al., 2021). Several respondents pointed out that 
AI-generated supplier suggestions influenced their initial evaluation sets. Respondent 6 
explained that AI had a large influence on the initial list of suppliers, while independent research 
had an influence on the final evaluation of quality. This suggests that AI mainly affects sourcing 
indirectly, by determining which suppliers are initially considered relevant. Several respondents 
were also aware of the risks of going with AI-generated results. Respondent 5 said that AI 
accelerated the discovery stage, but it also led buyers to focus too much on suppliers that kept 
showing up in recommendations. This suggests AI-generated visibility might narrow 
consideration sets if buyers depend too much on repeated recommendations. At the same time, 
respondents consistently highlighted that AI visibility was not enough for suppliers to make it 
onto final shortlists. Respondent 4 explained that suppliers are only added to the final 
consideration list after investigating websites, case studies, references and direct contact. This is 
related to current research which describes that buyers still rely on signalling cues and credibility 
factors in the supplier evaluation (Sombultawee et al., 2025). Initial visibility of suppliers was 
obtained through AI but human judgment, communication with suppliers, references and 
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external verification continued to be important sources of information prior to any final sourcing 
decision. 
 
A minority perspective was also found among respondents who were not using AI for supplier 
discovery. Respondent 10 stated that generative AI was not the main driver for supplier visibility, 
but rather existing supplier relations, Google searches and professional networks. This points to 
the fact that AI-driven visibility is not generalized across all sourcing contexts, but rather 
remains dependent on industry structure and organizational routines.  
 
Overall, respondents’ experiences show that generative AI is becoming a new informational 
gatekeeper in sourcing environments, influencing supplier visibility, consideration set formation, 
and early-stage shortlisting. But respondents consistently emphasized that AI-generated visibility 
does not replace human judgment, trust, verification and relational sourcing practices. 
 

 

6. Conclusion 

6.1 Conclusion  

The conclusion of this study is that generative AI search tools are increasingly involved in 
early-stage supplier search and shortlisting in B2B sourcing, but their role is clearly supportive 
rather than decisive. Respondents mainly employed AI tools like ChatGPT, Perplexity, Gemini, 
and Claude for quick market overviews, identifying supplier categories, comparing alternatives, 
and saving research time. AI was viewed as useful for structuring information and as a starting 
point for supplier discovery, but not as a reliable tool for final decision-making. The respondents 
saw AI-generated information as a starting point, not an endpoint. Regardless of industry, 
respondents used verification methods like supplier websites, references, certifications, reviews, 
and direct communication through email or phone before trusting supplier information generated 
from AI. That means that trust in AI-supported sourcing is still conditional and dependent on 
human judgment. 

Respondents repeatedly said smaller, local, regional, or non-English-speaking suppliers were 
often absent from AI outputs. These respondents from very different industries described almost 
the same visibility problems, indicating that the problem is not specific to the industry but rather 
a structural feature of how generative AI systems search and prioritize information. 

Finally, the study concludes that sourcing professionals are not replacing traditional sourcing 
practices with fully AI-driven workflows. Instead, respondents developed hybrid sourcing 
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methods where generative AI was mixed with existing sourcing methods along with referrals, 
professional networks, manual searches, supplier websites, and direct communication with 
suppliers. The findings, therefore, point to the primary problem not being whether AI will take 
over traditional sourcing but whether sourcing professionals will implement AI into workflows 
that existed before the rise of generative AI tools. Rather than creating entirely new sourcing 
processes, AI appears to function as an additional informational layer within existing sourcing 
processes. 

 
6.2 Limitations and Future Research 
 
Through this study, we explored how sourcing professionals experience and use generative AI 
tools during early-stage supplier search and shortlisting activities. By interviewing professionals 
from different industries and organizations, the study gathered practical experiences of how 
generative AI is integrated into sourcing and decision-making processes. During the research 
process, it became clear that respondents’ experiences were influenced by the growing power of 
AI systems and digital visibility structures in today’s sourcing environments. Several respondents 
described how suppliers with strong online visibility and digital presence were more likely to 
appear in AI-generated outputs, while smaller or less digitally visible suppliers were often 
disadvantaged. 

The findings, therefore, suggest that sourcing environments are influenced by AI-mediated 
visibility and digital information structures. However, there is still limited research examining 
how these visibility structures could develop in ways that create more balanced and transparent 
sourcing environments for suppliers with different levels of digital visibility. It would therefore 
be interesting for future studies to explore how sourcing environments and AI-generated search 
systems could be designed to create more equal visibility opportunities for both large and smaller 
suppliers in digital procurement environments. 

The study is also based on a small qualitative sample across different industries and sourcing 
contexts. Therefore, the findings are not definitive or fully generalizable to all B2B sourcing 
environments. Future research could support the current theories and findings by using larger 
samples from different industries, countries, and organizations to examine whether similar 
patterns of AI-supported sourcing behavior and supplier visibility can be observed in broader 
B2B environments. 
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8. Appendix  

 

8.1 Reflection 

Working on this thesis has been a valuable learning experience for both of us, both academically 
and personally. Throughout the process, we gained a deeper understanding of how generative AI 
is influencing sourcing and supplier visibility. Before starting the thesis, we were aware that AI 
was becoming important in companies, but during the research process we realized how 
integrated AI already is within many organizations. We learned that many companies are 
developing and training their own AI systems and are trying to implement AI tools. However, 
one important insight from the interviews was that AI is mainly viewed as a helping tool rather 
than something that completely replaces human decision-making. 

What we understood more was how much human interaction still matters within sourcing and 
supplier relationships. Even though AI can speed up supplier searches and improve efficiency, a 
lot of people still rely on human judgment, communication, and trust when making important 
decisions. Through the interviews, we noticed that many respondents were careful about relying 
fully on AI. This gave us a broader understanding of the balance between technology and human 
interaction in professional environments. 

Methodologically, we gained practical experience in conducting qualitative research through 
semi-structured interviews and became better at guiding conversations more naturally over 
time.We also became more comfortable asking follow-up questions and adapting our 
communication depending on the respondent over time. We also gained experience in 
transcribing, coding, categorizing, and analyzing qualitative data. This improved our analytical 
skills and helped us better understand how empirical findings can be connected to academic 
theories and previous research. 

Since we come from different backgrounds both academic and personal, we approached the 
thesis differently. This became a challenge in the beginning because we both had different ways 
of working and structuring the process. However, we found a way on how to adapt to each other 
and find common ground where we could work together while still enjoying the process. This 
strengthened our communication and collaboration skills during discussions, writing, and 
analysis. 
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We shared the work equally throughout the thesis process. We divided the research work evenly 
by searching for literature, finding respondents, and conducting research. Although most parts of 
the thesis were co-written, we also worked independently and took responsibility for different 
parts.  

Overall, we are very proud of the work we have done. The thesis process not only improved our 
academic skills, but it also challenged our problem solving abilities by combining different 
perspectives and backgrounds. Most importantly, the experience opened our eyes to the growing 
role of AI in business and showed us the importance of balancing technological development 
with human interaction and critical thinking. 
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8.2 Interview Guide 

Interviewer Introduction 

Hello, and thank you for agreeing to participate in this study. Our names are Henok Bitow and 
Muhammed Furkan Yaman, and we are students at the University of Skövde. We are conducting 
this research together as part of our master’s thesis in the Business Development and Marketing 
programme.  Our thesis explores how sourcing professionals use generative AI search tools, such 
as ChatGPT, Microsoft Copilot, or Google Gemini, when identifying and shortlisting suppliers in 
B2B contexts. 
We are not testing your knowledge or evaluating your decisions. We are genuinely interested in 
your personal experiences and how you make sense of these tools in your day-to-day sourcing 
work. There are no right or wrong answers. 
The interview will take approximately 45 to 60 minutes. With your permission, we would like to 
audio-record the conversation so that we can transcribe it accurately. The recording will only be 
used for research purposes and will not be shared with anyone outside the research team. Your 
identity and your organisation will remain completely anonymous throughout the study. 
Participation is entirely voluntary, and you may withdraw at any time without any consequences. 
Do you have any questions before we begin? And do we have your permission to record this 
conversation? 

Section A, Background 

Purpose: Understand the respondent’s professional role and sourcing context before entering the 
main topics. 
 

1.​ Could you briefly describe your current role and your involvement in purchasing or 
sourcing activities? 

2.​ How does your organisation typically approach the process of finding new suppliers, 
what does that process look like in practice? 

3.​ Have you started using generative AI tools in your professional work? If so, which tools, 
and since approximately when? 

Section B, Use of Generative AI in Early-Stage Supplier Search 

Linked to RQ1: For what purposes and in what ways do sourcing professionals use generative AI 
during early-stage supplier search? 
 

4.​ Can you describe how you use generative AI tools when you are in the early stages of 
looking for potential suppliers? 

5.​ For what specific tasks do you find generative AI most useful during supplier search? 
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6.​ At which stages of supplier search do you find generative AI most relevant, and why? 
7.​ Can you walk me through a recent example where you used generative AI for a 

sourcing-related task? 
8.​ How, if at all, has your way of searching for suppliers changed since you started using 

generative AI tools? 

Section C, Perceived Usefulness, Trustworthiness, and Limitations 

Linked to RQ2: How do sourcing professionals perceive the usefulness, trustworthiness, and 
limitations of generative AI in supplier search? 
 

9.​ In what ways, if any, does generative AI make early-stage supplier search easier or more 
useful for you? 

10.​How useful do you find the information that generative AI provides in sourcing 
situations? 

11.​Can you describe a situation where generative AI was particularly helpful, or particularly 
unhelpful, in your sourcing work? 

12.​How much do you trust the information that generative AI tools produce when you are 
searching for suppliers? 

13.​Do you usually verify the information you receive from generative AI? Why or why not, 
and if so, how? 

14.​Do you feel you understand how generative AI tools arrive at their answers? 
15.​Compared to traditional search engines or other sourcing channels, do you see 

AI-generated information as more or less biased? What shapes that perception for you? 
16.​What do you see as the main limitations or risks of using generative AI in supplier 

search? 

Section D, Influence on Supplier Visibility and Shortlisting 

Linked to RQ3: How do sourcing professionals perceive the influence of generative AI on 
supplier visibility and shortlisting? 
 

17.​Do you think generative AI changes which suppliers become visible to you during 
search? Can you give an example? 

18.​Can you describe how AI results shape which suppliers you notice first? 
19.​Do you think some suppliers are missing from AI-generated results? Why do you think 

that might be? 
20.​How do you decide whether to include or exclude suppliers that are suggested by 

generative AI? 
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21.​How, if at all, does generative AI influence which suppliers end up on your initial 
consideration list or shortlist? 

22.​Do you think supplier information is presented differently through generative AI 
compared to traditional search? In what way? 

23.​Has there ever been a situation where generative AI introduced a supplier you had not 
previously considered, or changed your impression of one? 

24.​When you receive an AI-generated answer about suppliers, how do you interpret or make 
sense of that information? 

25.​How does using generative AI affect how you navigate and interpret supplier information 
during search? 

Closing 

We have now covered all the main areas of our study. Is there anything else you would like to 
add about your experience with generative AI in sourcing that we have not touched on? 
Thank you very much for your time and your openness. Your insights are genuinely valuable for 
our research. We will be in touch if we have any follow-up questions, and we are happy to share 
the final thesis with you once it is completed. 
 

8.3 Table 1. Participant overview 

Table 1 provides an overview of the participant sample. 

Respondent Sector Role Organisation 
Size 

AI Use in Sourcing 

Respondent 
1 

Medical / Dental 
Supplies 

Business 
Owner 

Small Active, evaluation 
support 

Respondent 
2 

VFX / Creative 
Technology 

Studio 
Founder 

Small-Medium Active, specification 
comparison 

Respondent 
3 

Green Building 
Consultancy 

Marketing 
Specialist 

Medium Active, landscape 
mapping 
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Respondent 
4 

Content / 
Copywriting 
Services 

Founder Small Active, primary 
discovery tool 

Respondent 
5 

SaaS / AI Visibility 
Technology 

CEO Small Active, first-call 
discovery 

Respondent 
6 

Luxury Construction Site Manager Small-Medium Active, initial 
filtering 

Respondent 
7 

Physical Services / 
Consultancy 

Business 
Owner 

Micro Limited, early-stage 
only 

Respondent 
8 

Marketing Sales director  Medium Active  

Respondent 
9 

Legal Services Office Owner Micro Non-user 

Respondent 
10 

Offshore 
Construction 

Project 
Manager 

Medium-Large Non-user 

Respondent 
11 

Business 
Development / 
Training 

Training 
Manager 

Small-Medium Active, early-stage 
only 
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8.4 Coding Process 
 

Empiri Theme Subtheme Final Theme Sources 

"AI helps answer the question of, 'Where do I 
start?'" (R6) 

Starting point for supplier 
search 

Early-stage 
exploration 

Use of Generative AI in 
Early-Stage Supplier Search Mogaji & Jain (2024) 

Respondents used AI to gain an overview of 
unfamiliar supplier markets, technologies, and 
product categories before conducting deeper 
evaluations. 

Market overview and 
supplier mapping Market exploration 

Use of Generative AI in 
Early-Stage Supplier Search Verma et al. (2021) 

"I start with a conversational question for a first 
overview, then dive deeper into the most relevant 
details." (R2) 

Conversational search 
behavior 

Orientation phase 
support 

Use of Generative AI in 
Early-Stage Supplier Search Shrestha et al. (2019) 

"Google gives links, AI gives synthesis right 
away." (R4) Information synthesis 

AI-generated 
summaries 

Use of Generative AI in 
Early-Stage Supplier Search 

Feuerriegel et al. 
(2024) 

Respondents combined AI outputs with referrals, 
professional communities, Google searches, and 
direct supplier contact. Complementary use of AI 

Hybrid sourcing 
approach 

Use of Generative AI in 
Early-Stage Supplier Search 

Bharadwaj et al. 
(2013) 

"Research that normally takes hours becomes a 
few minutes." (R6) Reduced research time Increased efficiency Perceived Usefulness Mogaji & Jain (2024) 

"AI is a knowledgeable colleague who can point 
you in the right direction fast." (R5) Research assistance Decision support Perceived Usefulness Verma et al. (2021) 

AI helped respondents understand regulations, 
certifications, and supplier requirements. 

Improved understanding of 
complex information 

Knowledge 
enhancement Perceived Usefulness Kim & Priluck (2025) 

Respondents used AI to prepare supplier 
questions and compare alternative suppliers. 

Preparation and comparison 
support 

Practical business 
value Perceived Usefulness Mikalef et al. (2023) 

"The information generated by AI is not fully 
trusted." (R7) Limited trust in outputs Reliability concerns Trustworthiness 

Feuerriegel et al. 
(2024) 

Respondents reported examples of non-existent 
suppliers, incorrect facts, and outdated 
information. 

Hallucinations and factual 
inaccuracies Accuracy concerns Trustworthiness 

Feuerriegel et al. 
(2024) 

"AI outputs are good for a first cut, not a final 
answer." (R5, R11) AI as a starting point Conditional trust Trustworthiness Grant et al. (2007) 
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Respondents consistently verified supplier 
information through websites, documentation, 
references, and direct contact. Verification practices 

Information 
validation Trustworthiness 

Feuerriegel et al. 
(2024) 

"Sometimes AI will come out with something 
wrong with a very confident tone." (R1) 

Confident but inaccurate 
outputs 

Confidence versus 
correctness Trustworthiness 

Feuerriegel et al. 
(2024) 

"The system felt like a black box." (R2) Lack of transparency Opaque AI processes Limitations Marocco et al. (2024) 

Respondents could not understand why certain 
suppliers appeared while others were excluded. 

Unclear recommendation 
logic 

Transparency 
concerns Limitations 

Feuerriegel et al. 
(2024) 

AI-generated answers were often presented as 
finished conclusions rather than transparent lists 
of sources. Hidden source prioritization Source uncertainty Limitations Gupta et al. (2025) 

Respondents relied on independent research and 
human judgment before acting on AI-generated 
suggestions. Human oversight 

Adaptive trust 
strategies Limitations Gupta et al. (2025) 

Suppliers appearing first in AI-generated results 
received the greatest attention during supplier 
searches. Priority effect 

Consideration set 
formation 

Supplier Visibility and 
Shortlisting Shrestha et al. (2019) 

Suppliers excluded from AI-generated outputs 
often became invisible during AI-assisted 
sourcing activities. Supplier invisibility Visibility bias 

Supplier Visibility and 
Shortlisting Khvatova et al. (2024) 

"AI-generated search results typically favour 
large English-language companies." (R5) 

Preference for digitally 
visible suppliers 

Digital visibility 
advantage 

Supplier Visibility and 
Shortlisting Khvatova et al. (2024) 

Smaller and regional suppliers were often difficult 
to discover due to limited online visibility. 

Underrepresentation of 
niche suppliers Supplier exclusion 

Supplier Visibility and 
Shortlisting 

Feuerriegel et al. 
(2024) 

"One of the suppliers suggested by AI was a very 
suitable supplier for the sourcing need." (R6) Discovery of new suppliers 

Expanded supplier 
awareness 

Supplier Visibility and 
Shortlisting 

Bharadwaj et al. 
(2013) 

AI strongly influenced initial supplier lists, while 
independent research influenced final supplier 
evaluation. 

Influence on early-stage 
evaluation 

Influence on 
shortlisting 

Supplier Visibility and 
Shortlisting Shrestha et al. (2019) 
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Suppliers were added to final consideration lists 
only after reviewing references, websites, case 
studies, and direct communication. 

Human validation of 
suppliers 

Final verification 
process 

Supplier Visibility and 
Shortlisting 

Sombultawee et al. 
(2025) 
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8.5 Statement of independent work and use of AI 

Title : How Generative AI Search Tools Are Used in Sourcing? 

Thesis Report submitted by Henok Bitow and Muhammed Furkan Yaman to the University of 
Skövde, for the Master's Degree (MSc) at the School of Business 

19/05 - 2026 

We hereby certify that all material in this thesis, which is not our own work, has been identified, 
and that no work is included for which a degree has already been conferred on us. 

   

 

 

Signature: _______________________________________________ 

  

 

 

 

 

 Signature: _______________________________________________ 

 

​ I/We have used AI tools for language correction. 
​ I/We have not used AI tools for text generation in the thesis report. 
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